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ABSTRACT

Existing human object interaction (HOI) detection meth-
ods have introduced zero-shot learning techniques to recog-
nize unseen interactions, but they still have limitations in
understanding context information and comprehensive rea-
soning. To overcome these limitations, we propose a novel
HOI learning framework, ContextHOI, which serves as an ef-
fective contextual HOI detector to enhance contextual under-
standing and zero-shot reasoning ability. The main contribu-
tions of the proposed ContextHOI are a novel context-mining
decoder and a powerful interaction reasoning large language
model (LLM). The context-mining decoder aims to extract
linguistic contextual information from a pre-trained vision-
language model. Based on the extracted context information,
the proposed interaction reasoning LLM further enhances
the zero-shot reasoning ability by leveraging rich linguistic
knowledge. Extensive evaluation demonstrates that our pro-
posed framework outperforms existing zero-shot methods on
the HICO-DET and SWIG-HOI datasets, as high as 19.34%
mAP on unseen interaction can be achieved.

Index Terms— Human Object Interaction, Zero-shot
Learning, Vision-Language Model, Context Learning, Inter-
action Reasoning

1. INTRODUCTION

Human object interaction (HOI) detection aims to detect hu-
mans and objects and recognize their interactions. The detec-
tion results are given in the form of a triplet <human, interac-
tion, object>. HOI detection takes important roles in various
tasks, such as human-robot interaction, image and video un-
derstanding, and image captioning. Existing HOI methods
can be categorized into one- or two-stage methods depending
on whether object detection and association are performed in
one or two steps. Two-stage methods [1, 2, 3, 4] are gen-
erally developed from the off-the-shelf object detectors like
Faster RCNN [5] and DETR [6] with separate association al-
gorithms. Most one-stage methods [7, 8, 9, 10] are developed
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Fig. 1: The motivation of our proposed contextual HOI detector. Compared
with existing methods (a) that recognize interactions directly, our proposed
method (b), with context mining and interaction reasoning, can perform bet-
ter on interaction recognition.

from one-stage object detectors by introducing unified object
detection and interaction association frameworks. Although
existing solutions have been developed with advances to de-
tect interactions, they still suffer from detecting unseen inter-
action categories and limited zero-shot learning ability. To
mitigate the gap, several methods [7, 8] have proposed differ-
ent zero-shot learning strategies in HOI detection. However,
existing zero-shot methods face challenges when attempting
to identify the unseen interaction depicted in Fig. 1 (a) These
challenges arise from a lack of contextual information, such
as the relative positions of objects (e.g., “beside”) and tools
(e.g., “hose”), as well as the need for a substantial knowledge
base to facilitate zero-shot reasoning about such interactions.

To overcome these challenges in existing zero-shot HOI
methods, we propose ContextHOI, a contextual HOI detec-
tor to enhance both contextual and zero-shot learning ability
for detecting novel interactions. We first propose a context-
mining decoder to extract the contextual information from
a text instruction and images. The context-mining decoder
consists of a pre-trained vision-language model and a trans-
former decoder. The pre-trained vision-language model is
responsible for generating the linguistic context embeddings,
while the transformer decoder is proposed to obtain context-
enhanced HOI embeddings. With the context-enhanced HOI
embeddings, we develop an interaction reasoning LLM to



enhance unseen interaction reasoning empowered by the
zero-shot learning ability of LLMs. In detail, we utilize an
encoder-decoder LLM model to reason interactions from rich
linguistic knowledge as a visual question-answering task.
The insights of the proposed ContextHOI are as shown in
Fig. 1 (b). It can be observed that our method can recognize
ambiguous interactions while typical solutions struggle to
distinguish.

Our contributions can be summarized as follows. (i) We
develop a context-mining decoder to discover more infor-
mative context cues from a visual-language model. (ii) We
propose an interaction reasoning LLM to transfer the inter-
action recognition task as a visual question-answering task
to enhance the zero-shot reasoning ability. (iii) We evaluated
our methods on two popular HOI datasets, HICO-DET and
SWIG-HOI, and the evaluation results show our advances
over existing zero-shot HOI detection methods.

2. RELATED WORK

2.1. Generic HOI Detectors
Generic HOI detectors fall into one-stage and two-stage meth-
ods. They share the same goal of detecting and associating
objects in a triplet of <human, interaction, object>. Two-
stage methods typically build on existing object detectors,
like Faster-RCNN [5] or DETR [6], with separate algorithms
for interaction association. Some methods [1, 2, 4, 11] rely
solely on detected objects to infer interactions, while others
[12, 13, 14, 15] consider both the detected objects and the en-
tire image or union regions as well as additional cues like as
human poses [16] and distances [17, 14]. In contrast, one-
stage methods combine object detection and interaction asso-
ciation in a unified manner. These models [7, 8, 9, 18, 10] of-
ten take the form of a two-branch network, where one branch
handles object detection, and the other focuses on interaction
recognition.

2.2. Zero-shot HOI Detectors
Zero-shot HOI Detectors have the goal of recognizing inter-
action categories that were not seen during the training phase.
This involves transferring knowledge gained from seen inter-
actions to identify unseen ones. In this context, a method
presented in [19, 20, 21] decomposes HOI detections into
separate verb and object networks. Other approaches, such
as those discussed in [22, 23, 24, 25, 26], employ techniques
like functionalities, analogies, and semantics to transfer visual
phrase embeddings from known training triplets to unseen test
triplets. More recently, linguistic knowledge [7, 8] has been
leveraged to enhance the recognition of unseen interactions
by integrating vision-language models like CLIP [27].

3. METHODS

3.1. Overview
The overview structure of our proposed HOI detector is il-
lustrated in Fig. 2. Given an image I ∈ R224×224×3, we first
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Fig. 2: The overview of our proposed ContextHOI. The HOI vision encoder
and text encoder are first used to encode image patches with initial HOI to-
kens and text ground truth into the image, HOI, and text embeddings. After
that, the context-mining decoder is proposed to extract context information
for HOI embeddings. Subsequently, the interaction reasoning LLM is pro-
posed to enhance zero-shot reasoning ability in HOI embeddings. The simi-
larities between final HOI embeddings after projection head and text embed-
dings are calculated for interaction learning. Apart from that, a box head is
proposed to localize humans and objects from image embeddings and HOI
embeddings from the HOI vision encoder.

employ a HOI vision encoder to encode the image in conjunc-
tion with the initial HOI tokens into image and HOI embed-
dings. These embeddings are then subjected to two process-
ing branches. The first branch, known as the bounding box
head, focuses on regressing and classifying detected humans
and objects, yielding detection results as (bp, bo, c), where bp,
bo, and c are bounding boxes for persons and objects and cat-
egories for objects. Meanwhile, the second branch comprises
our proposed context-mining decoder and an interaction rea-
soning LLM. Encoded image embeddings and HOI embed-
dings are first fed into the context-mining decoder to extract
linguistic context information for HOI embeddings. Once
context features are obtained, we use our proposed interac-
tion reasoning LLM to recognize interactions from extensive
linguistic knowledge. The inputs in the text encoder side fol-
low the settings in our baseline model [8]. The inputs can
be formulated as [PREFIX], [ACT], [CONJUN], and [OBJ]
as the input tokens for the text encoder, where [PREFIX] and
[CONJUN] are learnable tokens to automatically define pre-
fix and conjunctions, and [ACT] and [OBJ] are true action
and object categories. The encoded text embeddings are used
as supervision for final HOI embeddings for HOI learning.

3.2. Context-mining Decoder
To enhance the context-understanding ability, we proposed a
context-mining decoder incorporating a large vision-language
model. Given the HOI embeddings H = [h1, h2, ..hM ] ∈
RM×D and image embeddings E = [ecls, e1, e2, ..., eN ] ∈
RN×D encoded from the HOI vision encoder, the context-
mining decoder learn the context information for HOI em-
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Fig. 3: The structure of our proposed context-mining decoder. It employs
a Q-Former to generate context embeddings that describe the input image.
Then, a transformer decoder is proposed to learn the context information for
HOI embeddings.

bedding from transferred linguistic context embeddings C =
[c1, c2, ..., cL] ∈ RL×D, where M , N , and L are the number
of HOI, image, and context embeddings and D is the channel
dimension. This process is illustrated in Fig. 3.

The Q-former in Fig. 3 aims to generate linguistic context
embedding from visual features. The image embeddings are
first passed through the Q-former QF (·), which is defined by:

C = QF (Cinit, T, E), (1)

where the initialized context embeddings Cinit, text embed-
dings T , and image embeddings E are the inputs of the Q-
Former. Text description “a photo of <eos>” is encoded into
text embeddings T = [t1, t2, t3, t4] ∈ R4×C , where <eos> is
the end-of-sentence token. Since the Q-Former is trained for
image-grounded text generation, it enables the context em-
beddings to learn comprehensive linguistic context informa-
tion as a description of a given image. With the text instruc-
tions T and image content E, the initialized context embed-
dings are updated and generated to describe the image and
obtain information like “a person on top of a horse”.

The transformer decoder in Fig. 3 aims to transfer the con-
text information to HOI embeddings. The HOI embeddings
only assess the visual and spatial information without context
and semantic information before going through the decoder.
We apply a transformer decoder on the HOI embeddings and
context embeddings to learn the detailed context information
for individual HOI embeddings. The learning process can be
formulated as

H ′ = MHA(H,C,C) +H, (2)
H ′′ = MLP (LN(H ′)) +H ′, (3)

where MHA(·) is the multi-head attention, LN is the layer
norm, and MLP is the multilayer perception. In the multi-
head attention, we use interaction embeddings H as the query
and context embeddings C as the key and value to extract
context information for each HOI embedding.

3.3. Interacction Reasoning LLM
Inspired by the demonstrated zero-shot learning abilities of
LLMs [28] in various vision tasks [29], we propose an inter-
action reasoning LLM by leveraging Flan-T5 [28] as shown
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Fig. 4: The proposed interaction reasoning LLM. In the encoder, we encode
the question as the instruction for the following reasoning in the decoder.
In the decoder, we reason the interaction from the HOI embeddings with
linguistic context information.

in Fig. 4. Flan-T5 has an encoder-decoder structure and is
capable of zero-shot question answering. Thus, we take ad-
vantage of Flan-T5 and transfer our interaction recognition
task into a visual question-answering task.

In detail, we provide a question for LLM and let it an-
swer the question according to HOI embeddings. On the en-
coder side, we give the text input question as “Question: What
are the interactions? Answer: <eos>”. And we use the en-
coder from Flan-T5 to encode the question to text embeddings
Tq = [tq1, tq2, ..., tq10] ∈ R10×C . On the decoder side, we
task the HOI embeddings from the previous context-mining
decoder as inputs. The pre-trained LLM decoder then rea-
sons the interactions for interaction embeddings according to
the encoded question and the rich linguistic knowledge:

H ′′′ = H ′′ +Decoder(H ′′, Tq) (4)

where H ′′ is the HOI embeddings output from the context-
mining decoder with linguistic context knowledge, and H ′′ is
the output for the LLM decoder. With the output embeddings,
we follow the training setting in our baseline THID [8], where
the supervision is from the CLIP text encoder.

4. EXPERIMENTS

4.1. Experiment Settings
Datasets. Following our baseline, We conduct experiments
based on two HOI detection datasets, HICO-DET and SWIG-
HOI. HICO-DET differs from SWIG-HOI, and we must stim-
ulate the zero-shot learning setting, while SWIG-HOI origi-
nally has the zero-shot learning setting. For HICO-DET, it
includes 600 combinations of 117 human interactions and 80
objects. During the training phase, we only use 480 interac-
tions and 120 interactions as unseen interactions. For SWIG-
HOI, we use the natural dataset settings, and it includes about
5.5k interactions with around 1.2k unseen interactions.
Implementaion Details. For the training setting, we strictly
follow the settings in THID. We use the pre-trained CLIP for
the image and text encoders and freeze them during train-
ing. We also adopted the Q-former from BLIP2 [29] and the
encoder-decoder Flan-T5 [28] as the LLM for interaction rea-
soning. We also freeze them during the training phase. The
model is trained on 3 GPUs with a batch size of 8. We train



our model for 100 epochs and set the initial learning rate as
0.0001, and use the Adam optimizer and decoupled weight
decay regularization.

Table 1: The performance comparisons on the HICO-DET dataset under
stimulated zero-shot learning settings.

Method One-stage Unseen Seen Full
Shen (WACV18) [19] × 5.62 - 6.26
FG (AAAI20) [22] × 10.93 12.60 12.26
VCL (ECCV20) [20] × 10.06 24.28 21.43
ATL (CVPR21) [23] × 9.18 24.67 21.57
FCL (CVPR21) [21] × 13.16 24.23 22.01
THID (CVPR22) [8] ✓ 15.53 24.32 22.96
ContextHOI (Ours) ✓ 19.34 25.33 24.01

Table 2: The performance comparisons on SWIG-HOI dataset under zero-
shot learning settings.

Method Non-rare Rare Unseen Full
GSR (ECCV20) [25] 10.01 6.10 2.23 6.08
CHOID (ICCV21) [26] 10.93 6.63 2.64 6.64
QPIC (CVPR21) [15] 16.95 10.84 6.21 11.12
THID (CVPR22) [8] 17.67 12.82 10.04 13.26
ContextHOI (Ours) 18.66 13.32 10.69 13.92

Evaluation Metrics. We adopt mean Average Precision
to evaluate HOI detection performance. To detect the true
positives, the model needs to detect the human and object
bounding boxes correctly with an intersection-over-union
(IoU) of 0.5 to the ground truth, and the categories of interac-
tion should be predicted correctly. To evaluate the zero-shot
learning ability, the interactions are split into non-rare, rare,
and unseen cases according to the occurrences in the training
set.

Table 3: Results for ablation study of our proposed components comparing
with our baseline THID [8].

Method Unseen Seen Full
Baseline 15.53 24.32 22.96
Baseline + CMD 18.23 25.21 23.66
Baseline + CMD + IRL 19.34 25.33 24.01

4.2. Evaluation Results
Benchmark Results. We perform benchmark evaluation on
two benchmark datasets compared with multiple state-of-the-
art methods. For evaluation on the HICO-DET dataset, we
compare our method with methods in Table. 1, as they follow
the same zero-shot learning settings. According to the com-
parison, our method outperforms all the listed methods on all
the unseen, seen, and full cases. Noticeably, our model can
obtain a 3.81 mAP gain on unseen interaction recognition.
As for the evaluation results on the SWIG dataset, we also
obtained improvements compared with our baseline THID [8]
and other methods in Table. 2. Even though SWIG-HOI is a
large-scale dataset including tremendous unseen interactions,

Ground Truth ContextHOI (Ours) Baseline (THID)
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Ground Truth ContextHOI (Ours) Baseline (THID)

Fig. 5: Visualization of sampled Ground Truth, results from our ContextHOI
and baseline.

our model can still outperform the state-of-the-art methods on
non-rare, rare, and unseen cases.
Visualization. In this section, we show some visualized re-
sults from the HICO-DET dataset to demonstrate the advan-
tages of our proposed method. First, we show some success-
ful cases in Fig. 5. We can see that our method can detect the
objects and the interactions correctly by obtaining more con-
text information and zero-shot reasoning ability. Our method
can understand interactions not only from human and object
pairs but also from contextual information. For example, our
methods can recognize interactions in the first three samples
as it can understand the context like hose, knife, and truck.
Besides, the powerful zero-shot reasoning ability enables our
methods to recognize interactions in complex environments
like in the last sample.
Ablation Study. We conduct the ablation study by adding
the context-mining decoder (CMD) and interaction reasoning
LLM (IRL) into our baseline step-by-step on the HICO-DET
dataset. The results in Table. 3 demonstrates that our pro-
posed method can learn better context information and show
better zero-shot reasoning ability.

5. CONCLUSION

In this work, we proposed a ContextHOI detector to enhance
the zero-shot HOI detectors via a context-mining decoder
and an interaction reasoning LLM. The context-mining de-
coder integrates a vision-language model and transformer
decoder to extract linguistic context information from visual
features. The interaction reasoning LLM transfers the interac-
tion recognition to a visual question-answering task, allowing
the recognition of novel interaction from context information.
Experiment results show that our proposed ContextHOI sur-
passes existing state-of-the-art methods on HICO-DET and
SWIG-HOI datasets under zero-shot settings.
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