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Abstract

Open vocabulary Human-Object Interaction (HOI) de-
tection is a challenging task that detects all <human, verb,
object> triplets of interest in an image, even those that are
not pre-defined in the training set. Existing approaches typ-
ically rely on output features generated by large Vision-
Language Models (VLMs) to enhance the generalization
ability of interaction representations. However, the visual
features produced by VLMs are holistic and coarse-grained,
which contradicts the nature of detection tasks. To ad-
dress this issue, we propose a novel Bilateral Collaboration
framework for open vocabulary HOI detection (BC-HOI).
This framework includes an Attention Bias Guidance (ABG)
component, which guides the VLM to produce fine-grained
instance-level interaction features according to the atten-
tion bias provided by the HOI detector. It also includes
a Large Language Model (LLM)-based Supervision Guid-
ance (LSG) component, which provides fine-grained token-
level supervision for the HOI detector by the LLM compo-
nent of the VLM. LSG enhances the ability of ABG to gen-
erate high-quality attention bias. We conduct extensive ex-
periments on two popular benchmarks: HICO-DET and V-
COCO, consistently achieving superior performance in the
open vocabulary and closed settings. Code is available at
https://github.com/MPI-Lab/BC-HOI.

1. Introduction

Human-Object Interaction (HOI) detection [17] is a human-
centric scene understanding task that localizes all the inter-
acting human-object pairs and recognizes the interactions
between each pair in an image. It has been widely applied
in scene graph generation [44, 45], visual question answer-
ing [42, 43], and action understanding [46, 47]. Despite sig-
nificant advancements in recent years, most existing works
are restricted to predicting pre-defined HOI categories in the
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Figure 1. Comparisons between one-stage open vocabulary HOI
detection frameworks. (a) Existing works [1, 14] usually utilize
HOI queries to extract interaction features from the CNN back-
bone and VLM, respectively. Then, they fuse these features via
element-wise addition. (b) Our approach establishes bilateral col-
laboration between the VLM and HOI detector. The HOI detector
provides attention bias to the VLM, enabling the VLM to extract
fine-grained interaction features. The VLM provides fine-grained
token-level supervision to the HOI detector, enabling the latter to
generate high-quality attention bias.

training set. This is mainly because labeling all interacting
<human, verb, object> triplets in an image is extremely
time-consuming, affecting the training set’s size and diver-
sity. These facts motivate the study of open vocabulary HOI
detection methods.

Since large Vision-Language Models (VLMs) [31, 35,
36] have a strong generalization ability, recent works [1, 2,
4, 6, 14-16] have resorted to VLMs to facilitate open vo-
cabulary HOI detection. They typically rely on the output
cls_token embedding [4, 6, 16, 73] or the feature maps by
the visual encoder of VLMs [1, 2, 14, 15]. For example,
GEN-VLKT [4] transfers the knowledge of a VLM to the
HOI detector via knowledge distillation according to the
cls_token embedding. MP-HOI [16] fuses the cls_token
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embedding with the interaction features extracted by the
HOI detector via element-wise addition. Other approaches
obtain the knowledge of VLMs using cross-attention [1, 2,
14] or ROI pooling [15, 82, 84] on the feature maps pro-
duced by the visual encoder of VLMs.

However, the outputs of the VLM visual encoders are
coarse-grained [38, 59, 60]. This is due to the training
strategy of VLMs, which only involves aligning the holis-
tic features between each image-caption pair, causing the
cls_token embedding to represent holistic information and
making the differences in the visual features between im-
age patches ambiguous. This contradicts with the nature of
HOI detection, which requires fine-grained instance-level
features. Moreover, as illustrated in Figure 1(a), there lacks
early interaction between the VLM and HOI detector in ex-
isting one-stage methods, which may bring in difficulty in
fusing their final output embeddings.

Therefore, we propose a novel one-stage framework that
features a bilateral collaboration between the VLM and HOI
detector for open vocabulary HOI detection, as illustrated in
Figure 1(b). First, we introduce an Attention Bias Guidance
(ABG) approach that enables the VLM visual encoder to ex-
tract fine-grained features with the guidance from the HOI
detector. Specifically, we discover that the cross-attention
map for each HOI query in the HOI detector focuses on the
interaction area of one specific human-object pair, as shown
in Figure 2(b). Hence, we duplicate the cls_token of the
VLM visual encoder to match the number of HOI queries.
For each duplicated cls_token, we fuse its attention map in
each layer with the cross-attention map of a corresponding
HOI query via element-wise addition. With the biased at-
tention maps, we enable VLM to produce a set of cls_token
embeddings that are fine-grained and semantically aligned
with the HOI decoder embeddings. Finally, we fuse the two
types of embeddings via element-wise addition, ultimately
using them for interaction prediction.

Second, we enhance the power of ABG using a
Large Language Model (LLM)-based Supervision Guid-
ance (LSG) approach. LSG improves the ability of the HOI
detector to generate high-quality attention bias via the LLM
component of the VLM. First, we employ a state-of-the-
art Multi-modal LLM (MLLM) to caption all the training
images within the HOI detection dataset. Then, we obtain
captions that contain rich object- and interaction-relevant
descriptions of the image. After that, we add another set of
cls_tokens to the VLM visual encoder and the same number
of extra HOI queries to the HOI detector. Next, we employ
the ABG method to extract fine-grained cls_token embed-
dings, which are utilized as the input of the LLM compo-
nent for the VLM. Finally, we use the LLM to predict each
token in the above captions. This is a more fine-grained
supervision method than common holistic feature-level dis-
tillation [4, 6, 78]. Moreover, we highlight the prediction

loss on the nouns and verbs in the captions, which coincides
with the concept of HOI detection.

Furthermore, we propose a strategy for fast and paral-
lel computation of ABG. Notably, nearly all VLM model
parameters are frozen during training and the LLM com-
ponent is dropped during inference, significantly enhanc-
ing our framework’s efficiency. To the best of our knowl-
edge, our approach is the first to establish close bilateral
collaborations between the HOI detector and the VLM for
one-stage open vocabulary HOI detection. We demonstrate
the effectiveness of our approaches through comprehensive
experiments on two popular HOI detection benchmarks:
HICO-DET [49] and V-COCO [17]. It is shown that our
method consistently achieves state-of-the-art performances
in the open vocabulary and closed settings.

2. Related Work

HOI Detector Structures. Existing HOI detection meth-
ods can be categorized into one-stage and two-stage
paradigms. The two-stage methods usually adopt an off-
the-shelf object detector to detect persons and objects in
an image. Then, they construct a comprehensive interac-
tion representation for each human-object pair according
to multi-stream features such as human and object appear-
ance features [69, 70], spatial features [18, 63], pose fea-
tures [20-23], and language features [7, 24]. Some works
further promote the performance of two-stage models via
graph neural networks [25, 26, 63], which utilize a message-
passing mechanism to enhance the human and object fea-
tures using contextual information. The main disadvantage
of two-stage methods is low efficiency, as they enumerate
all human-object pairs during the interaction prediction.

In comparison, the one-stage methods search for interac-
tive human-object pairs without the help of object detectors.
Initial approaches usually adopt a single point [27, 28], a
set of points [29], or a union region [30] to represent the
location of an interactive human-object pair, resulting in a
risk of losing a wider range of image context. Recent ap-
proaches tend to employ Detection Transformer (DETR) as
the backbone. Thanks to the cross-attention operation in
DETR, these methods are usually more powerful and more
efficient in exploring image-wide context. Moreover, their
definitions in the HOI query are flexible. Some methods
[6, 9, 11] adopt only a single query to both detect one inter-
active human-object pair and recognize their interactions.
Other methods [1, 4, 12, 14] define multiple types of queries
that play different roles. For example, one set of queries
is used to detect interactive human-object pairs. Their ob-
tained decoder embeddings are further utilized as the sec-
ond set of queries for interaction prediction purposes [12].

In this study, we build our model according to the one-
stage paradigm. Unlike existing works, we establish bilat-
eral collaborations between the one-stage HOI detector and
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a large VLM for open vocabulary HOI detection.

Open Vocabulary HOI Detection. Since annotating
<human, verb, object> triplets is time-consuming, the size
and diversity of the existing HOI detection databases are
limited. Therefore, open vocabulary HOI detection be-
comes an important research topic in recent years. Existing
methods can be grouped into three categories. Methods of
the first category rely on compositional learning to promote
zero-shot HOI detection [5, 24, 53-58]. Methods of the sec-
ond category focus on large-scale pre-training [34, 41, 52].
For example, Yuan et al. [34, 41] obtained pseudo la-
bels for HOI detection from the annotations within external
datasets. They further design a data engine that achieves
rapid pseudo-label annotation. Li et al. [52] asserted that
it is more efficient to use object detection and action recog-
nition datasets to pre-train the detection and interaction de-
coder layers, respectively, compared to directly using HOI
pseudo labels for pre-training the entire model. Methods
of the third category are resorted to VLMs [1, 2, 4, 6, 14—
16, 82, 84]. They can be further grouped into the following
two types: (1) The methods that employ VLMs in the train-
ing stage only. These methods usually transfer the knowl-
edge of the VLM to the HOI detector via knowledge distil-
lation [4, 6]; (2) The methods that adopt the VLM in both
training and testing stages. These methods usually fuse
the output cls_token embedding or the feature maps of a
VLM’s visual encoder to improve the interaction prediction
accuracy [1, 2, 14-16, 82, 84].

In this study, we identify and address two key issues in
existing VLM-based approaches: the inadequacy in extract-
ing fine-grained visual features from VLM and the insuffi-
ciency in collaboration between the VLM and HOI detector.
Finally, we significantly improve the model’s open vocabu-
lary HOI detection performance.

Figure 2. Visualization of attention maps. (a) Self-attention maps
for the cls_token of the ViT encoder of BLIP-2. These maps are
extracted from the shallow (left) to deep (right) layers. It is shown
that the attention of the cls_token tends to spread across the entire
image. (b) Cross-attention maps for high-score HOI queries in the
HOI detector’s interaction decoder. It is shown that each query
focuses on local areas of one specific human-object pair.

3. Method

In this section, we explain our bilateral collaboration frame-
work between the HOI detector and VLM in detail. We

first introduce the overview of our framework in Section
3.1. Then, we present the guidance from the HOI Detector
to VLM in Section 3.2 and the guidance from VLM to the
HOI Detector in Section 3.3, respectively.

3.1. Overview

Similar to existing works for open vocabulary HOI de-
tection [1, 14], our framework includes one HOI detector
and one VLM. We adopt the same HOI detector as [4].
Specifically, the HOI detector includes one CNN backbone,
one transformer encoder [81], one detection decoder, and
one interaction decoder. The detection decoder has two
groups of learnable queries as input (ie., Q, € RNexD
and Q, € RM*P) for human and object detection, re-
spectively, as shown in Figure 3. Ny and D denote the
query number and embedding dimension, respectively. The
output embeddings of the detection decoder are denoted as
E, € RNexP and E, € RN*P which are first fused via
element-wise addition and then utilized as the queries for
the interaction decoder. Moreover, as illustrated in Figure
3, we adopt BLIP-2 [36] as the VLM following [14], which
includes one ViT encoder [73], one Q-Former [36], and one
LLM model named OPT-2.7B [75]. For simplicity, we refer
to the cascading ViT encoder and Q-Former as the Vision
Tower of BLIP-2, which functions as a visual encoder.

Existing one-stage methods usually adopt late fusion for
the features extracted by the HOI detector and VLM [1, 14].
Specifically, they employ the interaction decoder and HOI
queries to extract representations from feature maps output
by the backbone of the HOI detector and the visual encoder
of VLM, respectively. The obtained interaction representa-
tions are fused via element-wise addition and used for inter-
action classification purposes, as illustrated in Figure 1(a).

In comparison, we introduce the early fusion strategy.
Specifically, we first concatenate the feature maps produced
by the CNN backbone and the BLIP-2 Vision Tower along
the spatial dimension. Then, we adopt the transformer en-
coder to refine the concatenated feature maps. The refined
feature map is denoted as M € R»*w+No)xD \where the
h and w represent the height and width of the CNN fea-
ture maps, and N, denotes the number of patch tokens in
BLIP-2. Compared to the late fusion approach, the early
fusion strategy can capture more fine-grained visual feature
correlations between the two backbones. Then, both the de-
tection and interaction decoders perform cross-attention on
M . In the Section 4.4, we demonstrate that our early fusion
strategy improves the HOI detection performance.

3.2. Guidance from the HOI Detector to VLM

As explained in Section 1 and illustrated in Figure 2, the
features produced by the Vision Tower of BLIP-2 are gen-
eralizable but coarse-grained. While the HOI detector is
less generalizable, it is better at perceiving fine-grained lo-
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Figure 3. Overview of our bilateral collaboration framework between the HOI detector and VLM. The collaborations are reflected in three
aspects: (1) The early fusion between the visual features extracted by the BLIP-2 Vision Tower and the CNN backbone of the HOI detector.
(2) The HOI detector provides attention bias to BLIP-2, enabling its Vision Tower to extract fine-grained instance-level interaction features.

(3) The BLIP-2 model utilizes its LLM component (OPT-2.7B) to impose fine-grained supervision on the HOI detector. The
one represents the HOI detector. The LLM is abandoned during the inference stage.

represents the BLIP-2 model, while the

cal features. To combine their advantages, we propose the
Attention Bias Guidance (ABG) approach, which guides
BLIP-2’s Vision Tower to output instance-level interac-
tion features that are both generalizable and fine-grained.
Specifically, ABG approach is based on the cross-attention
maps Ap, € RNaeX"X® from the interaction decoder:

(1

(Eho, Ano) = f{(M, Ey & E,),

where fi denotes the interaction decoder, E}, & E, is the
interaction query for fi, Ey, € RYa*D represents the out-
put embeddings of the interaction decoder, and & stands for
element-wise addition. Notably, we only utilize the cross-
attention weights relevant to the CNN features in ABG.
Therefore, the spatial dimension of Ay, is h X w instead of
h x w + N,. Since there are multiple cross-attention layers
with each layer containing multiple heads in the interaction
decoder, we average all cross-attention maps relevant to a
HOI query, obtaining its attention weights in Ay,.

In BLIP-2’s ViT encoder, the cls_token (denoted as
C < R in Figure 3) aggregates the features of all patch
tokens Pyne € RN We duplicate the cls_token by N
folds to obtain C}, € RMeX4 50 as to match the number
of embeddings in E},. We freeze all embeddings in Cy,
and expect each one to focus on the interaction areas of one
specified human-object pair. To achieve this, we add each
cross-attention map in Ay, as bias to the self-attention maps
for the corresponding duplicated cls_tokens in Ch,, as il-
lustrated in Figure 4(b). Specifically, each attention map

shadow

in Ay, is firstly up-sampled to a fixed size. Then, it is re-
shaped to a vector and further adapted by a fully-connected
(FC) layer. Finally, the processed attention vector is re-
shaped back to matrix and added to the self-attention maps
of BLIP-2. Moreover, we add attention bias in each self-
attention layer of BLIP-2’s ViT encoder.

We adopt the similar strategy to the Q-Former part of
BLIP-2. Particularly, the Q-Former contains a set of cross-
attention layers and originally employs 32 queries that play
similar roles to that of cls_token in the ViT encoder. We
propose to enrich the input tokens for the Q-Former with
the output embeddings of C, Cy,, and Py, from the ViT
encoder. Moreover, we increase the number of queries of
Q-Former from 32 to Ny, so as to match the number of HOI
queries. This new set of queries is learnable, and denoted
as ng in Figure 3. Then, we apply the same attention bias
as that in the ViT encoder to ensure the output embeddings
of Q-Former are also fine-grained. These N, output embed-
dings are denoted as E; . The whole process to obtain El,
can be represented as follows:

Elcllo = ¢(nga C7 Cho; Q20|Ah0)7 (2)

where ¢ denotes the Vision Tower, C and C},, are frozen
cls_tokens, and Qﬂo are learnable queries for Q-Former.

Finally, we project E;} onto the same feature dimension
as Ejp, using an FC layer and then fuse them via element-
wise addition. The fused embeddings can be directly used
for interaction classification purposes.
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Fast Computation of ABG. The input tokens for the
ViT encoder include C', Cy,, and P,,g. However, when they
play the role of query in the self-attention operation, they
have different receptive fields: the receptive fields for C'
and Py, do not include CY,, and the receptive field of each
embedding in C', only include itself and P;,,. Moreover,
the self-attention maps for C},, are influenced by the atten-
tion bias from the HOI detector, while those for C and P,
are irrelevant to the attention bias. These differences impact
our model’s computation efficiency. Therefore, we propose
unifying the self-attention operations for C' and Py, into
the ABG framework as Cj,.

As illustrated in Figure 4(a), we stack the embeddings
for C, Cy, and P, together to perform the self-attention
operations. Then, we impose different attention bias for
different query-key pairs. An attention bias of 0 implies
that the attention score for this query-key pair remains
unchanged. An attention bias of -inf indicates that the
query-key pair can be disregarded. In other words, the
receptive field of this query does not include this key.
When the query is one token from Cj, and the key is one
token in Py, we adopt the attention bias from the HOI
detector. Finally, the above strategy can be extended to the
Q-Former, as illustrated in Figure 4(c). Notably, we apply
ABG to the cross-attention operations in Q-Former, so the
attention maps in Figure 4(c) are not square.

k,
q v Pimg c G Cho 0> = - <
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K> B J g £
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(a) ABG for the ViT encoder (c) ABG for the Q-Former

Figure 4. Fast computation of ABG. The zero and -in f matrices
denote those with elements that are 0 and -in f, respectively. Di-
agonal elements in the ‘mask matrix’ are 0 and the others are -in f.

3.3. Guidance from VLM to the HOI Detector

The ABG approach relies on the attention maps produced
by the HOI detector. In the following, we propose an LLM-
based Supervision Guidance (LSG) approach to enhance the
quality of these attention maps. This approach works by
requiring the LLM component of BLIP-2 to generate more
fine-grained and interaction-relevant captions according to
the attention bias provided by ABG.

Specifically, as illustrated in Figure 3, we add another set
of queries Q¢ € RV P 1o the detection decoder of the HOI

detector, a set of duplicated frozen cls_tokens Cy € RNixd
to the ViT encoder of BLIP-2, and a set of Ny learnable
queries Q? to the Q-Former of BLIP-2. The output em-
beddings for Q from the detection decoder are denoted as
E; € RN™Pwhich are further utilized as the query for
the interaction decoder. Based on the ABG approach, we
obtain the cross-attention maps of E¢, which are denoted
as Ay € RNVixhxw Moreover, with the attention bias con-
tained in A¢, we obtain a set of Ny embeddings E? from the
Q-Former of BLIP-2. Fast computation of ABG in this step
is illustrated in Figure 4(c).

Then, we feed the embeddings in E? as tokens to the
LLM, prompting it to produce fine-grained captions in the
auto-regressive manner [76]. In our approach, we obtain the
‘ground-truth’ captions via a state-of-the-art MLLM (e.g.,
GPT-40 [77]). Specially, we prompt the MLLM to produce
captions that contain object locality information (e.g., “on
the left” and “on the bottom™) to match the nature of the
detection tasks. More details regarding the captioning pro-
cess are provided in the supplementary material. Moreover,
since the HOI labels contain verbs and nouns only, we ap-
ply different weights on the predicted tokens according to
the part-of-speech:

N
N
Lig = ﬁt; Wy, * CEL0ss (£, gn), (3)
tn - fOPl(Eg|91,Q27---7971—1), (4)

where L, denotes our modified auto-regressive loss in
BLIP-2, and /V, is the number of valid tokens. In addition,
f°P represents the LLM component (OPT-2.7B) of BLIP-2.
v, Wy, t,, and g,, denote the loss weight, token weight, pre-
dicted logits, and the ground-truth one-hot label vector for
the n-th token, respectively. Besides, the value of w,, for
noun, verb, and all the other tokens are set to «, 3, and 1.0,
respectively. Since we freeze all model parameters of BLIP-
2 except for Q{, the gradients produced by L, mainly in-
fluence the optimization of the HOI detector. Therefore, our
LSG approach drives the HOI detector to produce attention
maps that cover a broader range of semantic concepts, al-
lowing the LLM to generate fine-grained captions.

Furthermore, we enhance the quality of the interaction
representations (i.e., Ey, & E;) by applying the cross-
attention with E; using a single transformer layer. We refer
to this layer as ‘Fusion Adapter’ in Figure 3. Finally, we
adopt the same loss functions for object detection and in-
teraction prediction as those in [4, 14], and we denote these
loss functions as L. Following existing works, we utilize
BLIP-2’s text encoder to construct interaction classifiers
[4], so as to match the open vocabulary interaction recog-
nition setting. Thus, the total loss function of our model
can be represented as follows:

L = Lyoi + Llsg- (5)
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Discussion. Multiple studies also employ extra image cap-
tions to enhance the generalization ability of HOI detectors.
However, they typically extract HOI triplets as pseudo la-
bels from the captions [41, 52] or impose coarse supervi-
sion signals (e.g., knowledge distillation using the holistic
textual feature extracted from a text encoder [78]). In com-
parison, we propose to adopt the LLM and auto-regressive
loss to impose token-level fine-grained supervisions and
also avoid the complicated pseudo-labeling process.

4. Experiments

4.1. Implementation Details

We evaluate the performance of our model on two popular
benchmarks (i.e., HICO-DET [49] and V-COCO [17]). We
adopt the AdamW optimizer [51] and conduct experiments
with a batch size of 16 on eight 3090 GPUs. We set N,
Ny, o, f and v to 64, 32, 1.5, 2, and 0.1, respectively. The
initial learning rate is set to 10~ and then multiplied by 0.1
after 40 epochs. We initialize model parameters according
to the weights of the DETR model [48] that is pre-trained
on MS-COCO [79]. For the other implementation details,
we basically follow those in UniHOI [14] to facilitate fair
comparisons with recent works.

4.2. Comparisons in the Open Vocabulary Setting

We compare the performance of our approach with state-
of-the-art methods in four open vocabulary evaluation set-
tings, following GEN-VLKT [4]. The experimental results
are summarized in Table 1.

Unseen Composition (UC). In this setting, the same ob-
jects and verbs appear in the training and testing stages.
However, some verb-object combinations that are unseen in
the training stage appear in the testing stage. The UC setting
includes two sub-settings (i.e., RF-UC and NF-UC), which
indicate that a part of the rare and non-rare verb-object com-
binations are unseen during training, respectively. In the
RF-UC setting, our method outperforms the second-best ap-
proach by 11.82% and 4.50% mAP on the unseen and seen
HOI categories, respectively. In the NF-UC setting, our
method outperforms the second-best method by 4.14% and
4.61% mAP on the unseen and seen HOI categories, respec-
tively. Our method’s improved performance on the unseen
HOI categories is significant. These results indicate that our
ABG approach provides accurate attention bias even for un-
seen verb-object combinations, which enables the VLM to
extract generalizable interaction representations and com-
pensates for the lack of training data for these combinations.

Unseen Object (UQO). In this setting, some objects are
unseen in the training stage but appear during the testing
stage. It is shown that our approach achieves the best per-
formance, and outperforms the second-best performance by
0.22%, 2.27%, and 2.62% on Unseen, Seen and Full, re-

Table 1. Performance comparisons on HICO-DET in the open
vocabulary settings. Bold represents the best performance, and
underline indicates the second-best performance.

Method Type Unseen Seen Full
GEN-VLKT [4] RF-UC 21.36 3291 30.56
RLIPv2-ParSeDA [41] RF-UC 21.45 35.85 3297
HOICLIP [1] RF-UC 25.53 34.85 32.99
DP-HOI [52] RE-UC 30.49 36.17 35.03
UniHOI (w/ BLIP2) [14] RF-UC 28.68 33.16 32.27
Ours (w/ BLIP2) RF-UC 42.31 40.67 40.99
GEN-VLKT [4] NF-UC 25.05 23.38 23.71
RLIPv2-ParSeDA [41] NF-UC 22.81 29.52 28.18
HOICLIP [1] NF-UC 26.39 28.10 27.75
DP-HOI [52] NF-UC 28.87 29.98 29.76
UniHOI (w/ BLIP2) [14] NE-UC 28.45 32.63 31.79
Ours (w/ BLIP2) NE-UC 33.01 37.24 36.40
GEN-VLKT [4] uo 10.51 28.92 25.63
HOICLIP [1] uo 16.20 30.99 28.53
UniHOI (w/ BLIP2) [14] uo 19.72 34.76 31.56
Ours (w/ BLIP2) Uo 19.94 37.03 34.18
GEN-VLKT [4] uv 20.96 30.23 28.74
HOICLIP [1] uv 24.30 32.19 31.09
DP-HOI [52] uv 26.30 34.49 33.34
UniHOI (w/ BLIP2) [14] uv 26.05 36.78 34.68
Ours (w/ BLIP2) uv 31.18 41.31 39.89

spectively. As many object categories are unseen during
training in this setting, the ability of the HOI detector to pro-
vide attention bias degrades and the performance improve-
ment on Unseen is not significant. We conjecture our per-
formance on the unseen categories can be further improved
through pre-training our model with the LSG on large-scale
image-text pairs that involve rich object categories.

Unseen Verb (UV). In this setting, some verbs are un-
seen in the training stage but appear during the testing stage.
Our method consistently achieves a significantly higher per-
formance than state-of-the-art methods. It outperforms the
second-best method by 4.88%, 4.53%, and 5.21% on the
Unseen, Seen, and Full, respectively. This is because com-
pared with existing approaches, our approach is better at ex-
tracting fine-grained interaction representations from VLM,
which compensates for the lack of verb annotations.

Table 2. Comparisons on HICO-DET in the closed setting.

Default Setting

Method Backbone Full Rare Non-Rare
UPT [10] ResNet-50 31.66 25.94 33.36
& CLIP4HOI [2] ResNet-50 3533 33.95 3574
;',3; CMMP (w/ ViT-L) [15] ResNet-50 38.14 37.75 38.25
? ViPLO [23] ViT-B/16 37.22 3545 37.75
= EZ-HOI [84] ResNet-50 38.61 37.70 38.89
BCOM [82] ResNet-50 39.34 39.90 39.17
QPIC [9] ResNet-101 29.90 23.92 31.69
CDN [12] ResNet-50 31.44 27.39 32.64
DOQ[11] ResNet-50 33.28 29.19 34.50
GEN-VLKT [4] ResNet-50 33.75 29.25 35.10
& RLIPv2-ParSeDA [41] ResNet-50 35.38 29.61 37.10
% HOICLIP [1] ResNet-50 34.69 3112 3574
o QAHOI [66] Swin-L 3578 29.80 37.56
o FGAHOI [67] Swin-L 37.18 3071 39.11
MP-HOI [16] ResNet-50 36.50 35.48 36.80
DP-HOI[52] ResNet-50 36.56 34.36 37.22
UniHOI (w/ BLIP-2) [14] ResNet-50 40.06 3991 40.11
Ours (w/ BLIP-2) ResNet-50 43.01 45.76 42.18

4.3. Comparisons in the Closed Setting

Performance on HICO-DET. As shown in Table 2, our ap-
proach significantly outperforms all the one- and two-stage
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Table 3. Comparisons on V-COCO in the closed setting.

Method mAPY z] . mAP] O‘f(,

UPT [10] 59.0 645

oy CLIP4HOI [2] - 66.3

,",:; CMMP (w/ ViT-L) [15] - 64.0

§ VIPLO [23] 62.2 68.0

£ EZ-HOI [84] 60.5 66.2

BCOM [82] 65.8 69.9

QPIC [9] 58.8 61.0

CDN [12] 61.68 63.77

GEN-VLKT [4] 62.41 64.46

) RLIPv2-ParSeDA [41] 65.9 68.0

E HOICLIP [1] 63.50 64.80

4 | FGAHOI (Swin-T) [67] 60.5 612

s} MP-HOI [16] 66.2 67.6
DP-HOI [52] 66.6 -

UniHOI (w/ BLIP2) [14] 65.58 68.27

Ours (w/ BLIP2) 68.20 70.61

methods, achieving state-of-the-art results. Specifically, our
method outperforms the second-best approach (i.e., Uni-
HOI [14]), by 2.95%, 5.85%, and 2.07% on Full, Rare, and
Non-rare, respectively. Notably, except for the Early Fu-
sion (EF), ABG, and LSG strategies, we adopt very simi-
lar model structure and training schemes as UniHOI [14].
Moreover, the performance of our model on the rare HOI
categories is superior. The above experimental results in-
dicate that our ABG and LSG strategies are successful in
extracting generalizable and instance-level interaction rep-
resentations from the VLM. This reduces the impact of the
lack of training data on the rare HOI category predictions.
Performance on V-COCO. The performance comparison
results on V-COCO are in Table 3. Our approach outper-
forms all the other methods, achieving 68.20% in terms of
mAP?! and 70.61% in terms of mAP?? .

The above comparisons demonstrate our approach achieves
superior performance in both closed and open vocabulary
settings, indicating its practicality in a broad range of real-
world applications. We further compare the model com-
plexity between our method and UniHOI [14] in Table 4.
During the training phase, we utilize 8 NVIDIA 3090 GPUs
with a batch size of 2. UniHOI requires training for 90
epochs, and our model needs 60 epochs. During the in-
ference stage, we use a single NVIDIA 3090 GPU with a
batch size of 1. It is shown that our model is smaller dur-
ing inference. Considering the significant performance im-
provements, the slight additional time cost of single-image
inference and the complete training is acceptable.

Table 4. Comparisons in training and inference cost.

Method Inference Training

Time(per image) Model size ~ GPU Time(per epoch) Model size ~ GPU

UniHOI[ 14] 82.3ms 1140.05M  11.99G | 13minl8s all = 19.95h  1140.05M 13.74G
BC-HOI 99.7ms 1138.62M  11.97G | 18min57s all =22.10h  3790.22M  16.68G

4.4. Ablation Studies

In this subsection, we conduct experiments to validate the
effectiveness of each component. The experiments are con-
ducted in the NF-UC and closed settings of the HICO-DET

Table 5. Ablation studies on the closed setting of HICO-DET. ‘EF’
denotes early fusion.

Default Setting
Methods EF ABG LSG Full Rare Non-rare
Baseline - - - 38.91 36.27 39.70
v 39.34 37.35 39.94
Ours v v - 42.60 44.87 41.92
v - v 4241 43.71 42.03
v v v 43.01 45.76 42.18

Table 6. Ablation studies on the NF-UC setting of HICO-DET.

Methods EF ABG LSG Unseen Seen Full

Baseline - - - 29.24 31.71 31.22
v - - 29.97 32.17 31.73

Ours v v - 31.70 35.97 35.12
v - v 31.37 33.84 33.38

v v v 33.01 37.24 36.40

database. To construct a baseline model, we remove the EF,
ABG, and LSG components from our approach. It adopts
the Late Fusion (LF) strategy only [1, 14] to fuse the inter-
action features extracted from the HOI detector and original
visual features produced by VLM. More baseline details are
provided in the supplementary. We conduct experiments us-
ing different components on the baseline model. The results
are displayed in Tables 5, 6, and 7.

Effectiveness of EF. In Tables 5 and 6, we add the EF
component to the baseline model. It is shown that EF pro-
motes HOI detection in both settings. These results jus-
tify that EF effectively captures the correlations between the
feature maps produced by the two backbones.

Effectiveness of ABG. In this experiment, we add both
EF and ABG components to the baseline model. Then,
we conduct another complementary experiment where we
keep the EF and LSG components but remove ABG. The
results in Tables 5 and 6 show that compared to the experi-
ments with EF only, EF+ABG promotes HOI detection per-
formance by 3.26% (Full) and 1.73% (Unseen) in closed
setting and NF-UC setting, respectively. When ABG is
removed from our whole framework, the performance de-
clines by 0.60% (Full) and 1.64% (Unseen). Notably, in
the closed setting, a significant performance boost occurs
on Rare when ABG component is enabled. In the NF-UC
setting, this phenomenon also occurs on seen categories.
These results validate that ABG effectively enables VLM to
extract generalized and instance-level interaction features.

Effectiveness of LSG. In this experiment, we conduct
two ablation experiments similar to ABG. The results in Ta-
bles 5 and 6 show that when LSG is added to EF, there are
notable performance changes. In the closed setting, the per-
formance improves by 3.07%, 6.36%, and 2.09% on Full,
Rare, and Non-Rare, respectively. In the NF-UC setting,
performance improves by 1.40%, 1.67%, and 1.65% on Un-
seen, Seen, and Full, respectively. These results indicate
that the supervision from LSG is effective.

Comparisons with variants of ABG. In Table 7(a), we
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Table 7. Comparisons with variants of our approach on the NF-UC setting of HICO-DET.

(a) Attention Bias Sources

(b) Attention Bias Destinations

(c) Fixed vs Adaptive Attention Bias

Method Unseen Seen Full Method Unseen Seen Full Method Unseen Seen Full
Detection Decoder Only 32.55 36.15 3543 ViT encoder Only 36.19 35.45 Plain Learnable Bias 30.52 33.14 32.60
Interaction Decoder Only 33.01 37.24  36.40 Q-Former Only 36.03 3525 Ours 33.01 37.24 36.40

Both 32.76 36.34  35.62 Both 37.24 36.40
(d) Variants of LSG Supervision (e) Sources of Captions (f) Value of wy,
Method Unseen Seen Full Method Unseen Seen Full e 3 else Unseen Seen Full
Caption Level 32.13 36.24 35.56 w/o LSG 35.97 35.12 1 1 0 32.47 36.56  35.74
wilo Q} 32.56 36.55 35.75 QwenVL-7B 37.11 36.24 1 1 1 32.79 3698  36.14
Ours 33.01 37.24 36.40 GPT-40 37.24 36.40 1.5 2 1 33.01 37.24  36.40

compare the performance of our model with different atten-
tion bias sources. Three strategies are considered: attention
maps from the detection decoder only, attention maps from
the interaction decoder only, and both. In the third situa-
tion, we average the attention maps from the detection and
interaction decoders. It is shown that the second strategy
achieves the best performance. This is reasonable since it is
the interaction features to extract from the VLM.

In Table 7(b), we compare the performance of our model
with different ABG destinations. There are also three strate-
gies considered: ViT encoder only, Q-Former only, and
both. It is shown that each of three strategies promotes per-
formance and the third one performs the best.

Finally, in Table 7(c), we replace the attention bias pro-
duced by ABG with plain learnable parameters. The exper-
imental results are significantly lower than those of ABG.
This is because the plain learnable parameters are fixed dur-
ing inference. In comparison, the attention bias provided by
ABG are adaptive to each image and enables E!  to be se-
mantically aligned with Ey,.

Comparisons with variants of LSG. In Table 7(d),
we first replace our token-level LSG supervision with the
coarse caption-level supervision. In this experiment, we
feed the caption into the text encoder of BLIP-2, and then
employ the obtained holistic textual feature to supervise the
learning of Ef. Specifically, we average the embeddings in
E{ and penalize the cosine distance between this averaged
embedding and the holistic textual feature. It is shown that
this variant achieves lower performance than ours. This is
because holistic textual features mainly contain coarse in-
formation, while HOI detection is a fine-grained task. We
also conduct another experiment, as shown in Table 7(d),
where we remove Q{. Instead, we employ E;l as the input
tokens of the LLM. The result is lower than that of our de-
sign, which indicates HOI detection and caption generation
are different tasks. Therefore, the LLM component requires
different inputs to better accomplish these two tasks.

Moreover, we compare the performance of LSG with the
‘ground-truth captions’ generated by the QwenVL-7B [80]
and GPT-40 [77] models, respectively. The experimental re-
sults are summarized in Table 7(e). These results show that
LSG consistently improves model performance with each

of two types of captions. Finally, we test different token
weights in Eq.3 for the predicted tokens according to their
part-of-speech. The experimental results are displayed in
Table 7(f) and the supplementary material. It is shown that
predicting all words is more efficient than predicting the
verbs and nouns alone, and imposing larger weights on the
verbs and nouns can further improve model performance.
The former maybe because useful image context and local-
ity information (e.g., ‘on the left’) can be considered by pre-
dicting all the words in the caption. The latter maybe due
to the verbs and nouns being more essential for the HOI
detection task than the other words.

5. Conclusions and Limitations

In this study, we propose a bilateral collaboration frame-
work for one-stage open vocabulary HOI detection, which
includes three key components, namely Early Fusion, At-
tention Bias Guidance (ABG), and LLM-based Supervision
Guidance (LSG). In ABG, we utilize attention bias pro-
duced by the HOI detector to guide the VLM to output
both generalizable and instance-level interaction features.
In LSG, we utilize the LLM component of VLM to provide
token-level fine-grained supervisions for the HOI detector,
which further promotes the power of ABG. We conduct
extensive experiments on popular benchmarks and consis-
tently achieve superior performance on all settings. Our
work also has certain limitations. For example, the intro-
duction of VLM results in higher GPU memory cost.
Broader Impacts. Our model detects all human-object
pairs of interest in an image and infers the interactions be-
tween each pair. It has a wide range of applications, e.g.,
robotics and smart home systems. To the best of our knowl-
edge, it does not have obvious negative social impacts.
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