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SGPT: The Secondary Path Guides the Primary Path in Transformers
for HOI Detection

Sixian Chan'?, Weixiang Wang', Zhanpeng Shao® and Cong Bai'

Abstract—HOI detection is essential for human-computer
interaction, especially in behavior detection and robot ma-
nipulation. Existing mainstream transformer methods of HOI
detection are focused on single-stream detection only, e.g.,
image — HOI(P1), or image — HO — I(P2). Both paths
have their own characteristics of concern, so we propose a
novel method, using the Secondary path (P;) Guides the
Primary path (P;) in Transformers (SGPT). SGPT contains
two core modules: the Dual-Path Consistency (DPC) module
and the Instance Interaction Attention (IIA) module. DPC
keeps human, object and interaction consistent on the dual-path
and lets P, guide P; to learn more meaningful features. ITIA
fuses human and object to enhance interaction in P>, which
allows instance to constrain interaction. Our proposed dual-
path are employed during training, and only the P; path is used
for inference. Hence, SGPT improves generalization without
increasing model capacity in HICO-DET and V-COCO datasets
compared to the state-of-the-arts. The code of this work is
available at https://github.com/visualVk/sgpt.git.

I. INTRODUCTION

Human-Object Interaction (HOI) detection plays a signifi-
cant role in understanding high-level information. Therefore,
the improvement of HOI detection has significance for
human-computer interaction. In robot manipulation [1,2],
the robot needs to imitate humans’ actions and complete
operations, or infer the later actions from our actions and
complete such operations. In behavior monitoring [3], robots
need to be able to detect dangerous behaviors and warn
or remedy humans directly. Then, some wrong cooperative
behaviors can be avoided by monitoring and understand-
ing human interactions for robots. HOI detection requires
discovering as well as possible the correct HOI triplets:
(human, object, interaction). It includes locations of hu-
mans, categories of objects and interactions happened on
corresponding pairs of humans and objects, respectively.

Overall, detecting HOI triplets can be divided into lo-
cating and classifying for human and object, pairing them
correctly and reasoning right interaction on pairs of human
and object. So we can simplify this task into two parts: 1)
location of human and object and recognition categories of
object same as previous detection task; 2) associating human
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(a) hold wine glass
none,36.28

(b) hold hot dog
none,37.56

(d) cut cake
23.27, 56.19

(c) inspect bicycle
33.40, 49.10

Fig. 1: Results of qualitative analysis compared to QPIC
[4]. Each image contains two colors of boxes and scores
of interaction. The green is our network prediction and the
red is the predicted by QPIC. None means that the network
fails to detect the correct box and the interaction.

with object corresponding as HO pairs and discriminating
interactions of pairs. We revisit approaches, two-stage and
one-stage, how to finish two sections on HOI detection.

For two-stage, this framework [5]-[9] uses a great enough
detector [10] and freezes its parameters to find all humans
and objects in the image. Then, humans and objects are
paired by enumerating, such as [5, 6]. However, these simple
HO pairs do not have strong relationships. So literature [7]—
[9] introduces GCN [11] to understand relations. Humans or
objects ignored by the detector never show in the ground
truth, although GCN strengthens relationships of correct
pairs. In addition, this approach pays too much computation
on the process of matching.

For one-stage, this framework [4, 12]-[15] associates hu-
mans with objects early (before locating and classifying)
and parallelly classifies and locates of humans, objects
and interactions. The conventional one-stage [13, 16] costs
much computation on associating human and object with
interaction. But some approaches work out this problem,
they [4, 14, 15] make one pair into one token, which can be
applied for classification and regression of human, object and
interaction. However, some methods based on transformer
[17]-[19] will obtain some useless HOI triplets such as
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Follow previous works [4,9,13]-[15,20], we research
detection path such as methods [4, 13]-[15] based on the
primary path (P;) and methods [8,20] based on secondary
path P,. However, P> belongs to the two-stage and can not
be suited to one-stage. So a very simple but analogous two-
stage cascade decoder is designed in our work. In order to
make full use of the two methods, we propose Dual-Path
Consistency (DPC) to associate P; with Ps. Po guides P
to focus on useful features. Nevertheless, we consider that
this simple cascade decoder does not take full advantage
of the human and object constraints interactions. Under
this consideration, the Instance Interaction Attention (ITA)
is proposed to overcome the above problem and enhance
interaction features in P,. Although we propose dual-path,
only the results of P; are used as predictions. Pz is only
as an auxiliary to P;. In inference, P2 will be removed, so
our model can guarantee generalization and also take into
account the inference efficiency.

In this work, our contributions can be summarized in the
following:

1) We propose the Dual-Path Consistency (DPC) to take
full advantage of the two detection paths for HOI
Detection, keeping human, object and interaction con-
sistent on the dual-path and lets Py guide P; to learn
more meaningful features.

2) We design the Instance Interaction Attention (IIA)
to improve the two-stage cascade decoder of Ps,
which fuses humans and objects into interactions to
strengthen the instance for interaction restrictions.

3) Extensive experiments are conducted on both V-COCO
and HICO-DET datasets. The experimental results
show that our method achieves state-of-the-art perfor-
mance.

II. RELATED WORK
A. Two-stream Architecture

Two-stream networks are decomposed into spatial and
temporal streams. Each stream extract features separately for
late fusing in the field of video recognition [21]. After two
streams are used, it is clear that each stream focuses on only
one thing. It is very obvious that: 1) the features of two
streams are particularly characteristic; and 2) the two features
that can be fused by simple fusion operations (weighting
[22], MLP [23]) will yield more informative features. There-
fore, we follow the two-stream network architecture and
propose a Dual-Path Consistency learning strategy with each
path corresponding to a specific detector.

B. HOI Detection

HOI Detection is mainly grouped into two-stage and one-
stage approaches. The two-stage approaches [4,9, 13, 15, 20]
rely on an advanced detector, like Faster-RCNN [10] or
DETR [18]. Once objects are detected perfectly in the current
image, the HO pairs can be built. Finally, an interaction
detection is performed on the HO pairs. The general pairing
will be done with the help of GCN [11]. But it appears to
have the following disadvantages: 1) there are many forced

associations of pairings that are meaningless; 2) when there
are many objects in the image, it may combine approximate
N? pairs of HO, which will consume a lot of computa-
tional resources. One-stage methods [4, 12]-[15] are able to
form a pairing of targets without matching. These pairs are
more meaningful than the two-stage’s. Since the one-stage
approach is now almost always based on the transformer,
the number of pairs is a constant K, which alleviates the
problem of computational resource consumption of the two-
stage and removes the post-process of matching HO pairs
and interactions in conventional one-stage [16].

C. Consistency Learning

Consistency learning is widely used in the computer
vision [24]-[27], especially in multi-modal [24] and semi-
supervised [25]. In multi-modal, consistent learning can learn
common features of multiple modalities, such as instance
alignment in the RelD [24]. In semi-supervised, it is often
used to maintain consistency with the intact features after
dropout features randomly or to mask the image to maintain
feature consistency. This allows the final extracted features
to have better noise immunity.

III. METHOD

A. Overall architecture

In Fig. 2, our overall architecture includes a Visual
Encoder and HOI decoder. We propose DPC module and
ITA module mainly in the HOI decoder to improve the
generalization.

Visual Encoder. The design of our visual encoder is
inspired by QPIC [4]. In detail, the input is a image I €
RPXWXC The feature map I’ € R *W'*C" ig obtained
by CNN [28] encoder, which is flattened and then projected
to a lower dimensional of D to obtain X € R¥'W'*D _This
lower dimensional feature is fed into the transformer encoder
with sinusoidal positional embedding to obtain the visual
feature V, € RE'W'*D,

HOI Decoder. We share the same decoder [29, 30] for our
dual-path. We employ a 3-layer MLP for the classification
and a fully-connected layer for the location. P; and Ps
use their learnable query embedding Q,; € RV*P and
Qins € R?N*D | respectively. P; is to pass a decoder to
get the learned HOI features e ', € RN*P_ Py first passes
a decoder to get HO features e, 2 € RM*P| then passes
another decoder to get I features e, .. € RV*P and finally

inter

gets the prediction result (by,, by, Co, Cinter) € Pr.

TABLE I: Detection paths

Pi1: x— HOI

P2: x—> HO—1
Ps: x— HI— O
Py: x—>0OI - H
Ps: x—I1— HO
Ps: x— H—OI
Py x©—>0— HI
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Fig. 2: Overall network architecture. The image is encoded to get V.. V, is fed into dual-path to receive tokens respectively.
After dual-way matching for tokens, the network outputs the predictions(human, object, interaction).

B. Dual-Path Consistency

Path selection. We find that whether it is a CNN-
based [8, 13,20] or transformer-based [4, 14, 15] HOI detec-
tion, both of them have multiple path detection interactions,
such as Table L.

P1 and P are used for our Dual-Path Consistency. We
do not use the remaining five paths because the interaction
is affected by the subtle movement of humans and objects,
as shown in Fig. 3. However, human and object have strict
bounding-box and classification labels, which would be
precise in supervised training. So using interaction to infer
human or object will result in a relatively large error. In
addition, we assume that Set(P;) is a positive and negative
sample volume in P;. The above seven paths are related as
follows:

Set(P1) = Set(P3) + Set(Ps) + Set(Py) + Set(Ps)

+Set(Pg) + Set(Pr) ()

In Equation 1, maintaining consistency is actually using the
P2-P7 constraint P;. This constraint will not only ensure
that the positive samples are consistent, but also make the
negative samples consistent. At the same time, since the
number of queries is a constant K, it means that there is
no way for predicting the full set of interactions. But Ps-Pr
with too much noise will predict more negative samples. If
all paths are used, it will lead to too much focus on negative
samples. Moreover, the positive samples are only expected
to remain consistent. Hence, we choose paths P; and Ps to
establish our dual-path.

Dual-path design. After the paths are selected, it is impor-
tant that how to design the dual-path to achieve the detection
results with different yet having a more reasonable overlap
from each path. To make the results of the paths different,
different query embedding structures are designed. For P,
we use the same query embedding Q,0; € RY*P for human,
object and interaction (in Fig. 4a). For P,, human and object
each use a query embedding Q5,,Q, € RV*P as shown in
Fig. 4b. Then, we generate instance query embedding Q;,s €
R2N*D by concatenating @, and Q,. The interaction query

grind skateboard

person person

P L P

skateboard skateboard

Fig. 3: The effect of subtle differences of object borders on
interaction

embedding Qinser € RY*P with position embedding e;,,, €
RN*D from decoder with Q;,,s. The corresponding inference
schemes of Py, P> can be written in more formal terms for
triplet result (human, object, interaction):

yrt = MLP (fia(z, Ve
MLPPl(fl,l(xa

yZither = MLP}ZDI(fl 1(

(

)
e)) (2)
z,Ve))

= MLP[*(fs, 1(Qh,V)>
72 = MLPI?(f21(Qo,Ve)) 3)
yﬁfter = MLPZLDz(fQ 2(f2 1(Qmsv e)»ve))

where, yfj is prediction result of i in j'* path, i €
{h,o,inter} and j € (0,1). f;; denotes the j*" decoder
in the i'" path. The visual feature V, is obtained from the
transformer encoder. M LP(-) is applied for classification or
regression.

C. Instance Interaction Attention

We propose Instance Interaction Attention (IIA) to induce
Ps learning with more prior meaningful interaction features.
The simplest approach of the original HOI detection Py is
shown in Fig. 4b, which simply treats the information of
human and object as position embedding to an interaction
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Fig. 4: Dual-path query embedding design. A means average
operation.

query embedding Qinser € RY*P. It can learn the features
of interaction by itself based on the known prior conditions
of HO pairs. The way we fused is referred to the idea of
channel attention [31] (in Fig. 6). We assume that HO pair
features and interaction features are ej,s, €inter € RN XD,
separately. Then, they will be concatenated together by
computing a channel attention coefficient o € RV*P:

a = sigmoid(M LP(concat(ens, €inter)) 4

where, the e;,s and e;,;er are concatenated in the last
dimension. sigmoid(-) is uesd to map the results to the range
of 0 to 1. Then, we multiply the e;,se, With a to obtain the
channel-enhanced feature e;per. € RY*P. We let e;,,, map
to the interaction space to obtain ¢/, . € RV*P . Finally, we
follow the skip connection of Resnet [28] and add e;,ter,
Cinter.c and e'ho to obtain the instance-enhanced interaction

feature e € RV*D:

P.

=

—

N
N
N
e

(TTT1TE
LT11]

Fig. 5: Dual-path matching based on Ground Truth. ¢ rep-
resents Ground Truth, where the gray blocks represent the
filled blank blocks to align with the number of P; and Ps.
The curved arrow solid line indicates the matching of the two
prediction sets. The dashed line indicates the pairing of the
prediction and g, and different dashed lines indicate different
category pairings.

€ins_pos

dTN

I channel weight: @ H— "

Fig. 6: The structure of Instance Interaction Attention. C,
~, X, + mean concatenation, regularization, dot product and
sum, respectively.

d
€ inter
L

€inter.c = X © €inter (5)
€ins = MLP(€ins) ©)
€ = €inter T Cinter_c + e;ns (N

After our P has been enhanced by the features from IIA,
the final prediction is computed as follows:

Y = MLP]*(f21(Qn, Ve)) ®)
y)? = MLP]*(f21(Qo, Ve)) )
Veaug = TTA(f22(f2,1(Qins, Ve), Ve)) (10
Yo = MLPT® (Ve qug, f21(Qins, Vo)) (11)

where, to simplify the formula, 7T A(-) is used instead of the
above calculation.

D. Dual-way Constraints

Dual-way Matching. The prediction result is an unordered
ensemble. If we directly calculate the loss by corresponding
the two paths, it will lead to a terrible matching. However,
we solve this problem by dual-way matching. The dual-path
will each end up with a prediction set y',i € (Py,P2)
and both will get the result o;;(k),i € index(y*),j €
index(§), k € (P1,P2) that best matches the ground truth §
by the Hungarian algorithm. Looking at the relationship of
the pairing results in Fig. 5, the two paths can be correlated
with the help of y. For example, if we identify the pairing
result of P; as o1 2(P1) and the pairing result of P; as
03,2(P2), we find that both of them pair up with 2 in §. So
we can assume that 1 in path P; is paired with 3 in path
P,. Following the above operation, we can convert o; ;(P1)
and o, ;(P2) to J; 1 (P1, P2) to represent the matching of the
dual-path.

Consistency Loss. After we get the best matching rela-
tionship on the dual-path, we need to consider making its
classification of object, interaction and the bounding-boxes
of human and object consistent. Regarding the consistency of
the classification, we use the KL divergence to measure the
similarity between the dual-path to guarantee the consistency
of the classification:

1 P
L., = 2NijE§KLOSS(Z(CO ) 2(eg? k) (12)

1 .
‘Ccinter = W Z KLOSS(Z(CZtheT’J) || Z(czftervk))
j.keéd
(13)
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TABLE II: Performance comparisons in HICO-DET and V-COCO. D, KO mean default and know object settings in HICO-
DET. * denotes the results we reproduced using the official code. The highest results is bolded, while the second-best result

is underlined.

HICO-DET V-COCO
Type Method FullD) Rare(D) Non-Rare(D) | Full(KO) Rare(KO) Non-Rare(KO) | Scenario I  Scenario 2
Wang et al. [3] 1757 1685 17.78 21.00 2074 21.08 5270
FCMNet [32] 2040 1730 21.60 22.04 18.97 23.12 53.10
o DRG [7] 2453 1947 26.04 27.98 23.11 29.43 51.00
» VCL [33] 1943 1655 20.29 - - - 4830
& PD-Net [6] 237 1761 23.79 26.86 21.70 28.44 52.60
g ACP [34] 2059 1592 21.98 - - - 52.98
= SABRA [35] 2609 1629 29.02 31.08 23.44 3337 53.57
FCL [36] 2012 2367 30.75 3131 25.62 33.02 5235
SG2HOI [8] 2093 1824 2178 24.83 2052 2532 5330 -
UnionDet [12] 758 11.72 1933 19.76 14.68 2127 77.50 5620
IP-Net [37] 1956 1279 2158 22.05 15.77 23.92 51.00 -
HOL Trans [14] 2661 19.15 28.84 29.13 20.98 3157 52.90
. ASNet [38] 2887 2425 30.25 3174 27.07 33.14 53.90
i GGNet [13] 2347 1648 25.60 27.36 20.23 29.48 54.70 -
% HOTR [15] 2510 1734 27.42 - - - 55.20 64.40
2 || PhrascHOIRS0) [39] | 2929  22.03 31.46 31.97 23.99 34.36 57.40 -
© QPIC(R50) [4] 2008 2248 31.05 31.41 24.00 33.63 58.60 60.90
QPIC(R101) [4] 2064 2327 3155 3232 2621 34.15 5830 60.70
Ours(R50) 2069 2262 31.81 31.90 24.38 34.14 5931 61.30
Ours(R101) 3008 24.00 31.89 32.40 26.49 34.16 60.25 6229

where, the z(f,i) denotes taking f the i*". CZ)" denotes the
classification result of i in the j*" path, i € {o,inter} and
j € {0,1}. § denotes the dual-way matching set and j, k €
0. Regarding the consistency of box regression, we adopt
the Mean-Square Error (MSE) to measure the consistency
between matched sets.

Lo, = 55 X sesicine || (boal ) = =(boal k)| (14)

where, the boxfj in the formula denotes the box regression
result for 7 in the j*" path. The A/ denotes the total number
of sets in the ground truth. Thus, we can obtain the total
consistency loss function as follows:

£con = )\lﬁco + )\QECiME,,V + )\3 Zie(h,o) ‘Cbi (15)

where A1, Ay and A3 are the hyper-parameters for adjusting
the weights of each loss. We set 1, 0.5 and 1, respectively.

E. Evolution

Training. During the training, both of our paths are
matched with the prediction results using bipartition match-
ing [40] with ground truth like the previous work on single
stream [4, 14, 15] to get a one-to-one result. Then, the losses
are calculated, which consist of three kinds of losses on each
path: box regression L1 loss (£;), GIoU loss [41] (L) and
class of cross-energy loss and focal loss [42] (£;). So we
can obtain the total losses for both paths as follows:

Lhoi = 2ic(py Pa) Ao 2 je(noy Loy T Au Xpeho) Ll

+ 2 (orinter) ML) (16)

where, Cii in the formula denotes L1 loss of j in ith path.
Ly denotes the ToU loss of k in ith path. £; denotes the
class cross-energy loss of k in i*" path. \,, A, and \. are
hyper-parameters, which we set to 2.5, 1 and 1 respectively.
Combining the formula, we obtain our total loss:

L= ‘C’hoi + w(t)lccon (17)

where, we use the linear ramp-up [26,43] function w().
Because at lower training epochs, P; and P, are inaccurate
for HOI detection. Too large a proportion of consistency loss
will cause it to focus on negative. So we adopt the ramp-up
function to gradually increase the proportion of consistency
loss as the epochs of training increase.

Inference. During the inference, we keep P; and remove
the prediction of P,. So only the prediction of P; is used
for bipartite matching, which ensures speed of inference.

IV. EXPERIMENTS

A. Dataset and Metric

Datasets. We evaluate our model on two large-scale
HOI Detection benchmarks: HICO-DET [44] and V-COCO
[45]. HICO-DET has 38,118 for training and 9,658 for
testing. There are 600 classes of HOI triplets comprising
80 objects and 117 interactions. V-COCO is a subset of
COCO [46] and contains 2, 533 for training, 2,867 for vali-
dating, and 4,946 for testing, which includes 29 interaction
categories (4 body motions without interaction with any
object) and 80 objects same as COCO. There are 263 classes
of HOI triplets.

Evaluation Metric. In HICO-DET [44], we use mAP
(mean Average Precision) following the settings referred
in [44]. True positive of HOI triplet prediction is required
when bounding boxes of human and object between predic-
tions and ground truth have IoU larger than 0.5. Besides,
the HICO-DET had been divided into three different parts:
Full (600 HOIs), Rare (138 HOIs), Non-Rare (362 HOIs).
In V-COCO [45], we use AP (Average Precision). There are
two evaluation scenarios: scenario 1 contains the 29 actions
with 4 body motions and scenario 2 includes the 25 actions,
ignoring no-objects HOI categories.
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B. Implementation Details

We optimize our network with AdamW. Its weight decay
is le — 4. The query size is set to 100. In HICO-DET,
We initialize our network using the DETR [18] trained in
MS-COCO [46]. In V-COCO, the dataset for training DETR
excludes the images in V-COCO [45]. All our experiments
are trained for 90 epochs and decay learning rate by 10 times
at 60" epoch. We conduct our experiments on three NVIDIA
GeForce RTX 3090 GPUS with batchsize of 12.

Due to our devices being so different from the official
ones, we re-implement the result of QPIC on V-COCO and
HICO-DET. Our training strategy and loss weight coefficient
are both identical to settings reported in [4].

C. Results and analysis

We compare the performance of our network with the
state-of-the-art model on HICO-DET and V-COCO, respec-
tively. Methods for HOI Detection are divided into one-stage
and two-stage.

Results on HICO-DET. In Table II, our network makes
relative improvements of 0.61, 0.13 and 0.76 in R50, 0.44,
0.73 and 0.34 in R101 with QPIC [4]. We discover that our
network makes major improvements on rare categories with
R101. Compared to PharseHOI [39], we improve 0.40, 0.59
and 0.35 in R50. These indicate that our QPIC-based study
is valid and performs well compared to existing excellent
models.

Results on V-COCO. In Table II, compared to QPIC [4],
we improve 0.71 and 0.4 under scenarios 1 and 2 in R50,
respectively. Compared to PharseHOI [39], we improve 1.71
under scenario 1 in R50. Only scenario 2 is lower than
HOTR [15]. These also demonstrate our model work well
on V-COCO.

D. Ablation Studies

We do ablation experiments on V-COCO, with the result in
Table III. All experiments adopt Resnet50 [28] as backbone.

DPC. In Table III for 1 and 4, we observe mAPs of
scenario 1 and 2 rise 0.36 and 0.2. In Table III for 1, 2 and
4, the models, only having P; or Py, are lower than model
with DPC (4). In Fig. 7a-7b, we also find attention map more
distinct with DPC than QPIC. These mean bringing two paths
together and keeping their consistency can help the network
improve generalization.

TABLE III: The ablation of network modules. In # Param,
the first and second are the parameters for training and
inference, respectively.

Module
1 P2 1A | Scenario 1 Scenario 2 #Param
1 v 58.80 61.00 4.14K/4.14K
2 v 58.35 60.26 4.14K/4.14K
3 v v 58.72 60.81 4.19K/4.19K
4 v v 59.16 61.20 4.14K/4.14K
5 v v v 59.51 61.49 4.19K/4.14K

(b) (© (d

Fig. 7: The visualization of ablation. All the attention maps
are visualized using the last layer of the decoder. More
specific regions and brighter attention maps indicate that
noticing features is more effective. (b)-(d) are QPIC, SGPT
without ITA, SGPT(Ours).

ITA. In Table III for 4 and 5, ours with IIA improves
network mAP 0.71 and 0.49 in V-COCO. In Table III for
2 and 3, we can find that P, with IIA improves 0.37 and
0.51. In Fig. 7a-7c, IIA enables the attention map to focus on
more details while enhancing interaction areas. These show
the importance of ITA in improving P> and helping P; learn
more robust features.

In addition, our network only reaches 4.19K parameters
during training, while parameters are consistent with QPIC
during inference. This indicates that our inference model
improves the accuracy without increasing parameters.

V. CONCLUSION

In this paper, we proposed a novel method, using the
Secondary path (P;) Guided the Primary Path (P;) in
Transformers, named SGPT. The SGPT contained two core
modules: the dual-path consistency (DPC) module and the
instance interaction attention (IIA) module. Experiments
showed DPC and IIA could make the P, enhanced and
enable P, to better induce the P;. Abound experiments
were conducted on both V-COCO and HICO-DET datasets.
The experimental results illustrated that our method achieved
advanced performance. The ablation studies proved the ef-
fectiveness of the modules (DPC and IIA) proposed in our
model. In the future, we will pay attention to improving
the generalization and promoting the development of robot
manipulation and behavior monitoring.
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