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Abstract

Human-Object Interaction (HOI) detection is a challeng-

ing computer vision task that requires visual models to ad-

dress the complex interactive relationship between humans

and objects and predict <human, action, object> triplets.

Despite the challenges posed by the numerous interaction

combinations, they also offer opportunities for multi-modal

learning of visual texts. In this paper, we present a systematic

and unified framework (RmLR) that enhances HOI detec-

tion by incorporating structured text knowledge. Firstly, we

qualitatively and quantitatively analyze the loss of interac-

tion information in the two-stage HOI detector and propose

a re-mining strategy to generate more comprehensive vi-

sual representation. Secondly, we design more fine-grained

sentence- and word-level alignment and knowledge transfer

strategies to effectively address the many-to-many matching

problem between multiple interactions and multiple texts.

These strategies alleviate the matching confusion problem

that arises when multiple interactions occur simultaneously,

thereby improving the effectiveness of the alignment process.

Finally, HOI reasoning by visual features augmented with

textual knowledge substantially improves the understanding

of interactions. Experimental results illustrate the effective-

ness of our approach, where state-of-the-art performance is

achieved on public benchmarks.

*Corresponding author.

1. Introduction

Human-object interaction (HOI) detection [16, 6] is an

emerging field of research that builds upon object detection

and requires more advanced high-level visual understanding.

A high-performing HOI detector should not only accurately

localize all interacting Human-Object pairs but also recog-

nize their specific interactions, typically represented as an

HOI triplet in the format of <human, action, object> [67].

Previous approaches for achieving HOI detection can be

divided into two pipelines: those that treat object detection

and interaction recognition as separate stages [62, 6, 13, 14,

33, 20], and those that aim to handle both simultaneously

[15, 26, 66, 35, 7]. Although both paradigms have made

significant progress, the task remains challenging due to the

vast variety of human-object interaction combinations in the

real world [58, 59]. For example, the HICO-DET dataset

[6] contains 600 human-object interaction combinations. A

common approach is to optimize the model by mapping these

various triplet labels into a discrete one-hot labels. However,

this method oversimplifies the intricacy of the HOI task and

can be cumbersome for model optimization.

In recent years, multi-modal learning has gained signifi-

cant attention in the vision-and-language learning domain,

where it has achieved state-of-the-art performance on vari-

ous tasks [25, 3, 4, 30, 1, 23]. By integrating information

from multiple modalities, such as images [49, 47, 50, 48]

and text [64], multi-modal learning can provide a more com-

prehensive understanding of entities or events. In the field

of HOI, several recent studies [65, 21, 34, 56, 58, 59] have

applied image-and-text models to improve interaction detec-

tion performance. For example, HOI-VP [65] used a set of
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binary classifiers to verify each category and proposed Lan-

guage Prior-guided Channel Attention (LPCA) to enhance

HOI recognition. SSRT [21] pre-selected object-action (OA)

prediction candidates and encoded them as text features to re-

fine the queries’ representation. PhraseHOI [34] employed a

pre-trained word embedding model to generate a phrase em-

bedding that enhances the discriminative ability and capacity

of the common knowledge space.

Although the use of vision-and-language pre-training

(VLP) or language knowledge injection has motivated the ex-

ploration of HOI image-text correspondences through multi-

modal learning, their effectiveness in knowledge transfer

remains limited. This is due to the heterogeneity gap [3] that

exists between different modalities, which requires cross-

modal modeling to reduce the inter-modality gap and explore

semantic correlations. Additionally, the problem of multi-

interaction to multi-text matching in HOI tasks remains un-

solved, which may limit the reliability of cross-modal cor-

respondences. Therefore, a systematic and unified solution

is needed to better exploit cross-modal HOI detection and

improve the generalization ability of HOI detectors.

In this paper, we propose a systematic approach (RmLR)

to improve HOI detection in light of the structured text

knowledge in cross-modal learning. Concretely, our HOI

framework proceeds from three perspectives: i) we reveal

the problem of interaction information loss in the two-stage

HOI detector, and propose the Re-mine strategy to obtain

this crucial visual information; ii) more sophisticated cross-

modal Learning method to achieve semantic association

from sentence- and word-level; iii) Reasoning using textual

knowledge-enhanced representations substantially improves

the visual model’s understanding of interactions. The main

contribution of this paper is summarized as follows:

• We propose a systematic and unified framework so that

the inherent challenges of HOI can be elaborated in

both visual and cross-modal settings.

• We qualitatively and quantitatively analyze the problem

of interaction information loss in two-stage visual HOI

detector, and propose a re-mining strategy to capture

these crucial interaction-aware representations.

• We formulate the cross-modal learning in HOI domain

as a many-to-many matching problem, where multiple

interactions need to be matched with their correspond-

ing textual descriptions, and propose appropriate sen-

tence and text alignment strategies to promote learning

semantically aligned.

• Extensive experiments show that our RmLR equipped

with ResNet-50 outperforms previous SOTA by a large

margin and achieves an average mAP increase of about

+3.88p and +5.05p on HICO-DET [6] and V-COCO

[16], respectively.

“frisbee”

“throw”

“human” “human”

Pair 1 (same position) Pair 2 (same person)
Which pair of human instances are 

more similar in feature space?

“frisbee”

“human” “human”

Crop

&

Paste

Figure 1. Which pair of human instances is more similar in the HOI

detector? According to our analysis using cosine similarity mea-

surement for the human tokens of the DETR-based HOI detector

[62], Pair 1 has a similarity score of 0.99, while Pair 2 has a score

of only 0.58. These findings are consistent with numerous similar

cases observed in our experiments, highlighting the phenomenon of

interaction-related information loss in which the output tokens of

the object detector primarily emphasize spatial position, potentially

leading to the loss of crucial information related to the interactions.

2. Related Work

2.1. Generic HOI Detection

According to the network architecture design, current

HOI detection approaches can be broadly classified into two

categories: two-stage methods [62, 6, 13, 14, 33, 20] and one-

stage methods [15, 26, 66, 35, 7]. One-stage methods typi-

cally employ multitask learning to jointly perform instance

detection and interactive relation modeling [35, 60, 36]. In

contrast, two-stage methods first perform object detection,

followed by interactive relation modeling for all HO pairs

candidates. By leveraging the full potential of each module,

two-stage methods have demonstrated improved detection

performance [60]. Recent works have also leveraged the

power of Transformer [5] in formulating HOI detection as

set prediction, resulting in significant performance gains [7].

2.2. Language Semantics for Vision

Motivated by the remarkable success of Large Language

Model (LLM) [11] pre-training in NLP, leveraging lan-

guage semantics to enhance vision models has recently

emerged as a promising approach for computer vision tasks

[46, 53, 22, 1, 63, 24]. Among them, Vision-and-Language

Pre-training (VLP) [42, 30] has become a popular paradigm

in many vision-and-language tasks due to its applicability

in learning generalizable multi-modal representations from

large-scale image-text data [1, 9, 10]. These methods have

been recently used in multi-modal retrieval [12], vision-and-

language navigation [2], and other fields. Effective inter-

modal semantic alignment, especially fine-grained semantic

alignment, is a critical component for cross-modal learning

[30]. Since different modalities have their own inherent prop-
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erties, their semantic organization varies to some extent [8].

Thus, it is crucial to investigate how to efficiently correlate

diverse semantic information.

2.3. HOI VisionandLanguage Modeling (HOI
VLM)

Although previous HOI detectors [60, 62, 38] have

achieved moderate success, they often treat interactions as

discrete labels and ignore the richer semantic text infor-

mation in triplet labels. More recently, a few researchers

[65, 21, 34, 56, 58, 59] have investigated the HOI Vision-

and-Language Modeling to further boost the HOI detection

performance. Among them, [65], [21], and [59] both tended

to aggregate language prior features into the HOI recogni-

tion. RLIP [58] and [56] proposed to construct a transferable

HOI detector via the VLP approach. As the applications

and extensions of Vision-and-Language learning to the HOI

domain, these HOI-VLM methods aim to understand the

content and relations between visual interaction features and

their corresponding triplet texts. However, the natural distri-

bution inconsistency in the two modalities can directly lead

to incompatibility of the modal features, as discussed by [8].

The issue of narrowing the heterogeneity gap and effectively

ensuring the consistency and correlation of cross-modal fea-

tures in HOI detection remains unresolved.

3. The Proposed RmLR Framework

3.1. Overview Architecture

We adopt the two-stage HOI detector approach for its

superior performance, interpretability, and intuitive inter-

mediate features. Inspired by the DETR family [5], we

design the RmLR architecture (see Figure 2). Formally,

our RmLR model is trained on an image-text corpus X ={(
Ii, T i

)}|X |

i=1
, where I denotes the input image and T

represents all the phrase descriptions (e.g. “Human ride bicy-

cle”) in I . We can roughly divide RmLR into visual feature

learning module ΦθV , interaction reasoning module ΦθR

and a pre-trained text encoder ΦθT , where θ indicates the

weights in different modules. The overall training objective

is defined as follows,

minE(I,T )∼X [L(GT ,ΦθT (T ),ΦθV ◦ ΦθR(I,Qo))] (1)

where GT and L are ground-truth label and overall loss func-

tion respectively, Qo denotes the set of queries of objects,

and ◦ is a network compound operator. Details of the module

implementation are explained in the subsequent sections.

3.2. Remining Visual Features

Visual Entity Detection An input image I ∈ RH×W×C

is first extracted as low-level visual features X v ∈ Rh×w×c,

and then the features are segmented into patch embeddings

{
xv
1, x

v
2, . . . , x

v
Nv

}
, where Nv is the number of patch em-

beddings. Then the patch embeddings
{
xv
1, x

v
2, . . . , x

v
Nv

}

are flattened and linearly projected through a linear trans-

formation Ev ∈ Rc×Dv

. Specifically, the input for

Transformer-based entity detection are calculated via sum-

ming up the patch embeddings and position embeddings

Ev
pos ∈ RNv×Dv

:

Zv =
[
xv
1E

v;xv
2E

v; . . . ;xv
Nv

Ev
]
+ Ev

pos (2)

Through self-attention, cross-attention, and feed-forward net-

work (FFN) inference in entity detection decoder FED, we

obtain the entity token features Sv ∈ RN×Dv

, box locations

Bv ∈ RN×4 and instance classes Cv ∈ RN×Nc :

(Sv,Bv, Cv) = FED (Zv,Qo) (3)

where N denotes the number of detected instances, Qo de-

notes the set of queries of objects, and Nc denotes the num-

ber of detectable categories. To obtain the pair-wise entity

token features and box locations, we construct a set of pair-

wise HO indexes {(h, o) | h ̸= o, Cv
h = “human”}. We

form all pairs of detected instances and filter those where

the subject is not human, as object–object pairs are beyond

the scope of HOI detection. According to the filtered HO

indexes, pair-wise entity token features S̃v ∈ RNp×2Dv

and

box locations B̃v ∈ RNp×8 are able to obtain. This informa-

tion is used for subsequent interactive relation learning and

reasoning.

Interactive Relation Encoder Through a meticulous

analysis of numerous cases, we discovered that the current

entity detection models prioritize the object’s location infor-

mation. As a result, humans performing different actions

at the same position are often mapped to similar representa-

tions, as illustrated in Figure 1. This phenomenon poses a

significant risk to the HOI task, as it may result in the loss of

crucial visual information. As two-stage HOI detectors oper-

ate independently for entity detection and interaction recog-

nition, the entity token features Sv obtained from the entity

detection model predominantly focus on spatial information

and hence may fail to capture enough interaction-relevant

cues.

To this end, we design a lightweight Interactive Relation

Encoder (IRE) to remine interaction features intuitively and

explicitly (see Figure 3). To capture the higher-level rela-

tion features from lower-level visual features, we apply a

Transformer encoder to process feature map X v:

X v
e = Fenc(X

v) (4)

Then, we perform masked RoI operation on the interactive

information-rich tensors X v
e to compute the direct reflection

mv according to the pair-wise box locations B̃v:

mv = FC(GAP (mROI(X v
e , B̃

v))) ∈ RDv

(5)
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Figure 2. The overall architecture of our proposed RmLR approach, where the Visual Entity Detection module, Interactive Relation Encoder

(with the “re-mining visual feature” process), Linguistic Knowledge Generation, Cross-Modal Learning (with the “learning cross-modal

content” process), Interaction Reasoning Module (with the “reasoning using knowledge” process) are shown.
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Figure 3. Re-mining the crucial interactive features via an interac-

tive relation encoder.

Here, we use a fully-connected layer (FC), global average

pooling (GAP ), and masked region of interest (ROI) oper-

ation (mROI) to obtain the interaction-aware features. To

ensure that the features are only computed within the region

of interest, we use a zero mask to cover the regions outside

the HO candidate boxes to avoid the feature interference

problem, as shown in Figure 4. After that, GAP operation

followed by an FC layer are applied on the feature map X v

to obtain global scene information gv:

gv = FC(GAP (X v)) ∈ RDv

(6)

So far, we have generated the human and object candidates,

global context gv, pair-wise token S̃v = {s̃vi }
|S̃v|
i=1 , and in-

teraction cues Mv = {mv
j}

|Mv|
j=1 , which contain rich visual

features for HOI recognition. The detailed ablations for this

structure can be founded in Section 4.4 and Table 2.

“human”

“human”

“football”

Figure 4. Feature interference problem in the naive union interac-

tion region. According to the rules of the naive union interaction

region, the orange and blue part together constitute the interaction

area of the rightmost person to the football. It can be seen that the

interactive human-object features (orange part) interfere with the

non-interactive human-object features (blue part).

3.3. Linguistic Knowledge Generation

To integrate linguistic knowledge into the visual HOI

framework, we first construct annotation text for every

image in HOI datasets. Considering the arrangement

of <person, verb, object> triplet is very similar to the

<subject, predicate, object> in language, we directly se-

rialize each triplet annotation GT i as a sub-sentence ti.
Then, a special [SEP ] token is used to separate multiple

sub-sentences. In this way, each input image I obtains a

corresponding variable-length annotation text T = {tj}
|T |
j=1,

where |T | denotes the number of ground truth interactions

for the input image I.

We utilize a pre-trained language model, such as Mo-
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bileBERT [51], to generate semantic representations at the

sentence- and word-level. First, the input text T is tokenized

into subword tokens {xl
1, x

l
2, . . . , x

l
Nl
} using the WordPiece

algorithm [57]. These tokens are then represented as one-

hot vectors zli ∈ RV , where V is the vocabulary size, and

Nl is the number of tokens. The tokens are then linearly

transformed into embeddings using a matrix E l ∈ RV×Dl

.

Additionally, a special start-of-sequence [CLS] token em-

bedding zlcls ∈ RDl

is added to the beginning of the text.

Finally, the input text representations are obtained by sum-

ming up the token embeddings and text position embeddings

E l
pos ∈ R(Nl+1)×Dl

:

X l =
[
zlcls; z

l
1E

l; . . . ; zlNl
E l; zlend

]
+ E l

pos (7)

Using the text encoder FTE , we calculate the [CLS] tokens

Ecls and word embeddings Ew as

(Ecls, E
w) = FTE

(
X l

)
∈ R(Nl+1)×Dl

(8)

In this way, the linguistic knowledge corresponding to

|T | ground-truth interactions can be obtained, including

sentence-level representation Ecls = {eicls}
|T |
i=1 and word-

level representation Ew = {ejw}
|Ew|
j=1 . We provide a detailed

comparison of different text encoders in Section 4.4 and

Table 3.

3.4. CrossModal Learning

For visual representation, we first concatenate the global

context gv , pair-wise token s̃v = (svh, s
v
o) and corresponding

interaction cue mv to generate unified and diverse visual

description for HO candidate:

Hv = FC(cat (gv, s̃v,mv)) ∈ RDl

(9)

Then, we introduce the competitive strategy in UPT [62]

to construct a concise Transformer-based interaction reason-

ing module FIR. After the competitive operation in FIR,

the visual features Hv are converted into Ov. To achieve a

more flexible and efficient correlation of variable-length text

to the interaction set, we design a dual distillation scheme to

guide the training process for Interactive Relation Encoder

and Interaction Reasoning Module simultaneously. Among

them, the operation for IRE is more focused on pair-wise

token s̃v , and the latter is more focused on Ov . The attention

operation in these two mechanisms is defined as follows:

AT T N (q, k, v) = softmax
(
qk⊤/

√
Dk

)
· v (10)

where q, k, and v are the query, key, value matrices lin-

early transformed from the corresponding input sequences,

respectively, and Dk is the dimension of k. We conduct L
self-attention layers to interact representations within the

two levels of features:

Mvs = AT T N (Mv,Mv,Mv) (11)

Ovs = AT T N (Ov,Ov,Ov) (12)

where Mvs and Ovs are the self-attention outputs for two

representations, respectively. Then, the cross-modal atten-

tion are designed to align two modality representations and

integrate linguistic information into visual representations in

word-level:

M̂va = AT T N (Mva, Ew, Ew) (13)

Ôva = AT T N (Ova, Ew, Ew) (14)

where Mva and Ova are the visual representations corre-

sponding to the textual embeddings Ew, M̂va and Ôva are

cross-attention outputs for two visual representations, respec-

tively. In this way, no matter how complex multiple interac-

tion are confronted, it is possible to align their visual features

with the fine-grained textual representations. And the num-

ber of tokens of M̂va and Ôva are equal to the number of

Mva and Ova. In order to transfer linguistic knowledge to

a visual model, we adopt the L1 distance metric to facilitate

the learning between two types of representations:

DL1 (aho, bho) =
1

N

N∑

i

|aho − bho| (15)

where aho and bho broadly refer to two types of represen-

tations in our RmLR architecture. It is convenient to use

word-level semantically enhanced representations to guide

the learning of visual models. The two key components are

guided as follows:

Lm
w = E(I,T )∼X

[
DL1

(
Ova, Ôva

)]
(16)

La
w = E(I,T )∼X

[
DL1

(
Mva,M̂va

)]
(17)

where Lm
w and La

w denote the word-level cross-modal align-

ment loss for visual representation and logits, respectively.

Even if multiple interactions occur between one HO pair,

they can be described by variable-length word embedding

sequences. These operations implement a fine-grained align-

ment and transfer mechanism for variable-length word em-

bedding sequences to visual interaction set in HOI task.

In addition, we also perform sentence-level knowledge

transfer for the RmLR. Although the sentence-level text

representation is not as detailed as the word-level text rep-

resentation, it also reflects the interaction information of

HO pair to some extent. Thus, we regard sentence-level

transfer as an auxiliary objective for our RmLR. Without

the cross-modal attention, we directly perform knowledge

transfer from [CLS] tokens Ecls to the logits of RmLR:

Lm
s = E(I,T )∼X

[
DL1

(
Ecls,FFN 2

T (Ova)
)]

(18)
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Table 1. Experimental results on HICO-DET [6] and V-COCO [16].
HICO-DET V-COCO

Default Setting Known Objects Setting

Method (Year) Backbone Full Rare Non-rare Full Rare Non-rare AP
#1

role
AP

#2

role

One-stage Methods:

InteractNet (2018) [15] ResNet-50-FPN 9.94 7.16 10.77 - - - 40.0 -

PPDM (2020) [35] Hourglass-104 21.94 13.97 24.32 24.81 17.09 27.12 - -

HOTR (2021) [27] ResNet-50 25.10 17.34 27.42 - - - 55.2 64.4

HOI-Trans (2021) [68] ResNet-101 26.61 19.15 28.84 29.13 20.98 31.57 52.9 -

AS-Net (2021) [7] ResNet-50 28.87 24.25 30.25 31.74 27.07 33.14 53.9 -

QPIC (2021) [52] ResNet-101 29.90 23.92 31.69 32.38 26.06 34.27 58.8 61.0

SSRT (2022) [21] ResNet-50 30.36 25.42 31.83 - - - 63.7 65.9

SSRT (2022) [21] ResNet-101 31.34 24.31 33.32 - - - 65.0 67.1

CDN-S (2022) [60] ResNet-50 31.44 27.39 32.64 34.09 29.63 35.42 61.68 63.77

CDN-B (2022) [60] ResNet-50 31.78 27.55 33.05 34.53 29.73 35.96 62.29 64.42

CDN-L (2022) [60] ResNet-101 32.07 27.19 33.53 34.79 29.48 36.38 63.91 65.89

DOQ (CDN-S) (2022) [45] ResNet-50 33.28 29.19 34.50 - - - - -

Liu et al. (2022) [38] ResNet-50 33.51 30.30 34.46 36.28 33.16 37.21 63.0 65.2

GEN-VLKT-s (2022) [36] ResNet-50 33.75 29.25 35.10 36.78 32.75 37.99 62.41 64.46

GEN-VLKT-m (2022) [36] ResNet-101 34.78 31.50 35.77 38.07 34.94 39.01 63.28 65.58

GEN-VLKT-l (2022) [36] ResNet-101 34.95 31.18 36.08 38.22 34.36 39.37 63.58 65.93

Two-stage Methods:

HO-RCNN (2018) [6] CaffeNet 7.81 5.37 8.54 10.41 8.94 10.85 - -

GPNN (2018) [44] ResNet-101 13.11 9.34 14.23 - - - 44.0 -

TIN (2019) [33] ResNet-50 17.03 13.42 18.11 19.17 15.51 20.26 47.8 54.2

VCL (2020) [18] ResNet-50 23.63 17.21 25.55 25.98 19.12 28.03 48.3 -

ATL (2021) [19] ResNet-50 23.81 17.43 27.42 27.38 22.09 28.96 - -

VSGNet (2020) [54] ResNet-152 19.80 16.05 20.91 - - - 51.8 57.0

DJ-RN (2020) [31] ResNet-50 21.34 18.53 22.18 23.69 20.64 24.60 - -

DRG (2020) [13] ResNet-50-FPN 24.53 19.47 26.04 27.98 23.11 29.43 51.0 -

IDN (2020) [32] ResNet-50 24.58 20.33 25.86 27.89 23.64 29.16 53.3 60.3

FCL (2021) [20] ResNet-50 25.27 20.57 26.67 27.71 22.34 28.93 52.4 -

SCG (2021) [61] ResNet-50-FPN 29.26 24.61 30.65 32.87 27.89 34.35 54.2 60.9

UPT (2022) [62] ResNet-50 31.66 25.90 33.36 35.05 29.27 36.77 59.0 64.5

UPT (2022) [62] ResNet-101 32.31 28.55 33.44 35.65 31.60 36.86 60.7 66.2

RmLR (Ours) ResNet-50 36.93 29.03 39.29 38.29 31.41 40.34 63.78 69.81

RmLR (Ours) ResNet-101 37.41 28.81 39.97 38.69 31.27 40.91 64.17 70.23

Similarly, we design an auxiliary objective on IRE, where

the task is to guide the output representations of IRE:

La
s = E(I,T )∼X

[
DL1

(
Ecls,FFN 1

T (Mva)
)]

(19)

We also provided detailed ablation experiments and anal-

ysis of this structure in Table 2 and Table 7 of Section 4.4.

3.5. Reasoning with Languageenhanced Represen
tations

For the HOI recognition, a concise Transformer-based

Interaction Reasoning Module (IRM) FIR is designed to

aggregate representation for each HO candidate. Our work

differs from previous work in that these fed-in features are

enhanced by textual knowledge, which is richer and more

distinct than the unimodal features. After that, we add a clas-

sification head FFN o to map logits to specific categories:

P = FFN o(FIR(H
v)) (20)

Finally, a Focal loss is adopted as Lhoi to evaluate the image-

level HOI predictions:

Lhoi = Focal(sigmoid(P),GT ) (21)

where GT are the ground-truth labels corresponding to

the predicted interaction set P . Focal loss is defined via

Focal(p) = −(1− p)γ log(p), where γ is set as a hyperpa-

rameter. The overall loss is constructed as follows:

L = λhoiLhoi + λm
s Lm

s + λm
wLm

w + λa
sL

a
s + λa

wL
a
w (22)

4. Experiments

4.1. Datasets and Evaluation Metrics

We conducted training and evaluation on the widely used

V-COCO [16] and HICO-DET [6], following the established

protocols in previous works [33, 62]. Due to the limited

space, a detailed description of the datasets and evaluation

metrics can be found in Supplementary Material.

4.2. Implementation Details

Following the two-stage HOI detector training paradigm

[62], we first pre-train the DETR on a large-scale image

dataset and then fine-tune it on the HICO-DET and V-COCO

datasets. For HICO-DET, we initialize the network with

DETR pre-trained on MS COCO [37]. We adopt the data

23497



Carry backpack: 0.58

Wear backpack: 0.66

Carry backpack: 0.63

Wear backpack: 0.71

Hold baseball_bat: 0.85

Wield baseball_bat: 0.83

Swing baseball_bat: 0.81

Fill cup: 0.36

Hold cup: 0.29
Ride horse: 0.94

Straddle horse: 0.92

Cut_with scissors: 0.59

Hold scissors: 0.57

Hold toothbrush: 0.84

Brush_with toothbrush: 0.83

Hold toothbrush: 0.87

Brush_with toothbrush: 0.82

Drag suitcase: 0.65

Drag suitcase: 0.63

Carry backpack: 0.32

Wear backpack: 0.58
Wash elephant: 0.97

Watch elephant: 0.66

Hose elephant: 0.34

Hold horse: 0.51

Walk horse: 0.34

Figure 5. Some representative results of our RmLR method on HICO-DET [6] test set.

augmentation and preprocessing techniques as [62]. For

cross-modal learning, the number of self-attention and cross-

attention layers is set to 2 and 1, respectively. And the

dimension of the hidden state in these two mechanisms is

set to 1024. For the Focal loss, we set γ = 0.2 and β = 0.5
following [62]. We also provide a detailed description of

implementation details in Supplementary Material.

4.3. Main Results

We conducted a comprehensive evaluation of our pro-

posed method in comparison with state-of-the-art HOI meth-

ods, such as UPT [62], GEN-VLKT [36], and CDN [60],

on the HICO-DET and V-COCO datasets. The results of

this comparison are presented in Table 1. Our approach

significantly outperforms all previous state-of-the-art meth-

ods, and this advantage is maintained across both ResNet-

50 and ResNet-101 feature extractors. We also compared

our proposed method with some previous methods, such as

those relying on extra datasets such as Human Pose [39]

and Vision-and-Language [58]), by training on larger and

richer datasets, as shown in Tables 5 and 6. These results

demonstrate the superiority of our RmLR method.

4.4. Ablation Studies

To illustrate the effectiveness of our proposed approach,

we perform ablation studies on each component. Specifically,

cross-modal learning contains sentence-level and word-level

embedding knowledge distillation for IRE and IRM. The

experiments are conducted on the V-COCO [16] dataset with

ResNet50 [17] as the CNN backbone, and the results are

reported in Table 2. We also provide an analysis of the

computational cost of our method in Table 4. The results

Table 2. Ablations of different modules of our RmLR Framework

on V-COCO [16]. “SA” and “WA” indicate sentence- and word-

level alignment, respectively. “KT” indicates knowledge transfer.

Variants IRE
IRE-KT IRM-KT V-COCO

SA WA SA WA AP
#1

role
AP

#2

role

Plain model 58.51 63.87

w/o CL ✓ 61.13 67.48

w/o Rm ✓ ✓ 62.89 68.91

w/o WA ✓ ✓ ✓ 62.37 68.29

w/o SA ✓ ✓ ✓ 63.33 69.41

w/o IRM-KT ✓ ✓ ✓ 62.53 68.61

w/o IRE-KT ✓ ✓ ✓ 63.42 69.49

RmLR ✓ ✓ ✓ ✓ ✓ 63.78 69.81

Table 3. Experimental results of different Text Encoders. The

ResNet-50 [17] backbone is adopted as the visual feature extractor.

Text Encoder
V-COCO

AP
#1

role
AP

#2

role

ALBERT-base-v2 [29] 63.45 69.64

RoBERTa [40] 63.49 69.62

MobileBERT [51] 63.78 69.81

BERT-base [11] 63.89 69.98

BERT-large [11] 63.93 70.05

Table 4. FLOPs and Params analysis for HOI detectors on V-COCO

[16] dataset with 800× 800 resolution.
Method Backbone MACs (G) Parms (M) FPS

DETR [5]
ResNet-50 57.02 36.59 29.1

ResNet-101 104.37 55.53 21.3

UPT [62]
ResNet-50 57.11 36.86 27.5

ResNet-101 104.46 55.80 20.2

RmLR (Ours)
ResNet-50 57.22 36.98 27.2

ResNet-101 105.57 55.92 19.9

demonstrate that RmLR achieves a substantial performance

improvement while adding only a minor computational cost.

The impact of Interactive Relation Encoder. In “Plain
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Table 5. Comparison results with the methods using extra datasets on HICO-DET [6]. For extra datasets, “P” indicates human pose and “L”

indicates linguistic knowledge.
HICO-DET

Default Setting Known Objects Setting

Method (Year) Backbone Extras Full Rare Non-rare Full Rare Non-rare

PMFNet (2019) [55] ResNet-50 L 17.46 15.65 18.00 20.34 17.47 21.20

TIN (2019) [33] ResNet-50 P 17.22 13.51 18.32 19.38 15.38 20.57

Peyre et al. (2019) [43] ResNet-50 P 19.40 14.63 20.87 - - -

FCMNet (2020) [39] ResNet-50 P+L 20.41 17.34 21.56 22.04 18.97 23.12

PD-Net (2021) [65] ResNet-50-FPN L 20.76 15.68 22.28 25.59 19.93 27.28

ACP (2020) [28] ResNet-152 P+L 20.59 15.92 21.98 - - -

DRG (2020) [13] ResNet-50-FPN P 24.53 19.47 26.04 27.98 23.11 29.43

RLIP-ParSeD (2022) [58] ResNet-50 L 30.70 24.67 32.50 - - -

RLIP-ParSe (2022) [58] ResNet-50 L 32.84 26.85 34.63 - - -

PhraseHOI (2022) [34] ResNet-50 L 29.29 22.03 31.46 31.97 23.99 34.36

PhraseHOI (2022) [34] ResNet-101 L 30.03 23.48 31.99 33.74 27.35 35.64

OCN (2022) [59] ResNet-50 L 30.91 25.56 32.51 - - -

OCN (2022) [59] ResNet-101 L 31.43 25.80 33.11 - - -

RmLR (Ours) ResNet-50 L 36.93 29.03 39.29 38.29 31.41 40.34

RmLR (Ours) ResNet-101 L 37.41 28.81 39.97 38.69 31.27 40.91

Table 6. Comparison results with the methods using extra datasets

on V-COCO [16].

Method Backbone Extras AP
#1

role
AP

#2

role

TIN [33] ResNet-50 P 48.7 -

DRG [13] ResNet-50-FPN L 51.0 -

FCMNet [39] ResNet-50 P 53.1 -

ConsNet [41] ResNet-50-FPN P 53.2 -

RLIP-ParSeD [58] ResNet-50 L 61.7 63.8

RLIP-ParSe [58] ResNet-50 L 61.9 64.2

RmLR (Ours) ResNet-50 L 63.78 69.81

RmLR (Ours) ResNet-101 L 64.17 70.23

model”, we follow the typical two-stage HOI detector [62]

to construct a plain model, which directly adopts the entity

token features as visual representations and feds them to HOI

classifier. For “w/o CL”, we add IRE for the plain model,

but not cross-modal learning. In “w/o Rm”, we remove the

re-mining operation (i.e., IRE) in RmLR to analyze the effect

of IRE for the RmLR framework. Since the lack of IRE, we

only perform knowledge transfer for IRM in this variant. As

shown in Table 2, the introduction of IRE greatly improves

the plain model by around 3.1 mAP. And the IRE also shows

improvement on RmLR frameworks that are equipped with

cross-modal learning.

Effect of sentence- and word-level alignment. For “w/o

WA” and “w/o SA”, we remove the word- and sentence-

level alignment in the cross-modal learning process. In these

two variants, IRE and other settings remained the same.

Compared to the complete RmLR, these two variants drop

in mAP by 1.5 and 0.4 points, respectively. Adding the

word- and sentence-level alignment to “w/o CL” variant

jointly improves by around 2.5 mAP. Furthermore, the exper-

imental results show that the word-level alignment strategy

has a stronger facilitation to cross-modal HOI learning than

sentence-level alignment. The possible cause for this phe-

nomenon is that HOI is essentially a variable-size interaction

set prediction problem, and a more flexible alignment strat-

egy is beneficial for linguistic knowledge transfer.

The impact of transfer position. In addition, we also

verify the necessity of knowledge transfer for IRE and IRM.

For “w/o IRM-KT” and “w/o IRE-KT”, we remove the lin-

guistic knowledge transfer for IRM and IRE, respectively.

The experimental results show that the performance of these

two variants decreased by about 1.2 and 0.3 mAP compared

to RmLR. These findings suggest that knowledge transfer

for IRM in this architecture is a more efficient approach.

Moreover, the results also suggest that distillation for IRE

can further improve the performance. Therefore, we chose

to perform knowledge transfer for both modules simultane-

ously, with knowledge distillation for IRM as the primary

and IRE as the secondary.

Effect of different Text Encoder. We build RmLR vari-

ants equipped with other text encoders and conduct com-

parison experiments on the V-COCO dataset to explore the

effect of different text encoders. In Table 3, we show the

results of different text encoders. These results indicate that

different text encoders impact HOI recognition capability;

generally, larger models may perform better. In addition, all

these text models promote our RmLR framework to obtain

state-of-the-art results on the V-COCO dataset.

The impact of hyperparameters for loss terms. We

also present the results for detailed weight settings for loss

function to Table 7. The subscript s and w indicates sentence-

and word-level alignment loss, respectively. These results

demonstrate that our model performance is not very sensitive

to the weights of different loss terms.

4.5. Visualization

As depicted in Figure 5, one image may contain multiple

individuals and objects, which may or may not interact with

each other or engage in several interactions. Hence, we finely

aligned and transferred knowledge between visual features
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Table 7. Experiments on the V-COCO [16] set w.r.t different loss

terms. s and w indicates sentence- and word-level alignment loss.

λhoi λm
s λm

w λa
s λa

w AP
#1

role
AP

#2

role

1.0 1.0 1.0 1.0 1.0 62.98 69.11

1.0 1.0 0.5 1.0 0.5 62.73 68.95

1.0 0.5 1.0 0.5 1.0 63.35 69.52

2.0 0.5 0.5 0.1 0.1 63.05 69.14

2.0 1.0 1.0 0.08 0.08 63.59 69.55

2.0 2.0 2.0 0.1 0.1 63.57 69.62

2.0 1.0 1.0 0.3 0.3 63.55 69.69

2.0 2.0 1.0 0.5 0.1 63.43 69.39

2.0 1.0 2.0 0.1 0.3 63.69 69.77

2.0 1.0 1.0 0.1 0.1 63.78 69.81

and annotation texts and have effectively guided the complex

HOI learning process via linguistic prior knowledge. The

detection results substantiate the validity of cross-modal

alignment and the efficacy of our RmLR approach.

5. Conclusion

In this paper, we introduce a systematic and unified frame-

work called RmLR, which leverages structured text knowl-

edge to enhance HOI detector. To address the issue of inter-

action information loss in the two-stage HOI detector, we

propose a re-mining strategy to generate more comprehen-

sive visual representations. We then develop fine-grained

sentence- and word-level alignment and knowledge transfer

methods to effectively address the many-to-many matching

problem between multiple interactions and multiple texts in

HOI-VLM. These strategies alleviate the matching confu-

sion problem caused by simultaneous occurrences of mul-

tiple interactions, thus improving the effectiveness of the

cross-modal learning process in HOI detection filed. Ex-

perimental results on the public datasets demonstrate the

effectiveness of our approach, which achieves state-of-the-

art performance. We hope the proposed RmLR may serve as

an architecture guideline for future research in this area.
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