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Abstract

Human-Object Interaction (HOI) detection is the task
of identifying a set of ⟨human, object, interaction⟩ triplets
from an image. Recent work proposed transformer encoder-
decoder architectures that successfully eliminated the need
for many hand-designed components in HOI detection
through end-to-end training. However, they are limited to
single-scale feature resolution, providing suboptimal per-
formance in scenes containing humans, objects, and their
interactions with vastly different scales and distances. To
tackle this problem, we propose a Multi-Scale TRansformer
(MSTR) for HOI detection powered by two novel HOI-
aware deformable attention modules called Dual-Entity at-
tention and Entity-conditioned Context attention. While ex-
isting deformable attention comes at a huge cost in HOI
detection performance, our proposed attention modules of
MSTR learn to effectively attend to sampling points that
are essential to identify interactions. In experiments, we
achieve the new state-of-the-art performance on two HOI
detection benchmarks.

1. Introduction
Human-Object Interaction (HOI) detection is a task to

predict a set of ⟨human, object, interaction⟩ triplets in an
image [9]. Previous methods have indirectly addressed
this task by detecting human and object instances and in-
dividually inferring interaction labels for every pair of the
detected instances with either neural networks (i.e., two-
stage HOI detectors [1, 6–8, 10, 16, 18, 19, 21–24, 26, 28–
30, 32, 33, 35]) or triplet matching (i.e., one-stage HOI de-
tectors [12, 20, 31]). The additional complexity caused by
this indirect inference structure and post-processing (e.g.,
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Figure 1. Multi-scale attention of MSTR on interactions including:
(a) large human with small object, (b) distant human and object,
and (c) small human and a large object. The top row (high resolu-
tion) and the bottom row (low resolution) captures the context of
the interaction in various scales. Best viewed in color.

NMS) stage behaved as a major bottleneck in inference time
in HOI detection. To deal with this bottleneck, transformer-
based HOI detectors [4, 13, 25, 37] have been proposed to
achieve end-to-end HOI detection without the need for the
post-processing stage mentioned above. These works have
shown competitive performance in both accuracy and infer-
ence time with direct set-level prediction and transformer
attentions that can exploit the contextual information be-
tween humans, objects, and their interactions.

However, due to the huge computational costs raised
when processing multi-scale feature maps (with about 20×
more image tokens) with transformer attention, current
transformer-based HOI detectors are limited to using only
single-scale feature maps. Due to this limitation, previous
transformer-based approaches demonstrate suboptimal per-
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NHWC + 2NC2 + N2C), respectively. Since the com-
plexity grows in quadratic scale as the spatial resolution
(H ,W ) increases, it raises significant complexity when ex-
ploiting multi-resolution feature maps where there are about
20× more features to process.

Towards Multi-Scale HOI detection. In HOI detection,
not only do humans and objects exist at various scales, but
they also interact at various distances in images. Therefore,
it is essential to exploit multi-scale feature maps {x}Ll=1

(where xl ∈ RC×Hl×Wl , l indexes the feature level) to deal
with the various scales of objects and contexts to capture in-
teractions precisely. However, as multi-scale feature maps
have almost ×20 more elements to process than a single-
scale feature map, it provokes a serious complexity issue in
calculating Eq. (1).

2.2. Revisiting Deformable Transformers

The deformable attention module is proposed to deal
with the problem of high complexity in the transformer at-
tention. The core idea is to reduce the number of key ele-
ments in the attention module by sampling the small num-
ber of spatial locations related to regions of interest for each
query element.

Sampling Locations for Deformable Attention. Given
a multi-scale input feature map {xl}Ll=1 where xl ∈
RC×Hl×Wl , the K sampling locations of interest for each
attention head and each feature level are generated from
each query element zq ∈ RC . Because direct prediction
of coordinates of sampling location is difficult to learn, it
is formulated as prediction of a reference point rq ∈ [0, 1]2

and K sampling offsets ∆rq ∈ RM×L×K×2. Then, the kth

sampling location at lth feature level and mth attention head
for query element zq is defined by pmlqk = ϕl(rq)+∆rmlqk

where ϕl(·) is a function to re-scale the coordinate of refer-
ence point to the input feature map of the lth level.

Deformable Attention Module. Given a multi-scale in-
put feature map {xl}Ll=1, the multi-scale deformable atten-
tion fms

q = MSDeformAttn(zq, pq, {xl}Ll=1) for query ele-
ment zq is calculated using a set of predicted sampling lo-
cations pq as follows:

fms
q =

M∑
m=1

Wm

[ L∑
l=1

K∑
k=1

Amlqk · W ′
mΦmlqk

]
, (2)

where l, k and m index the input feature level, the sampling
location and the attention head, respectively, while Amlqk

indicates an attention weight for the kth sampling location
at the lth feature level and the mth attention head. Φmlqk

means the sampled kth key element at lth feature level and

mth attention head using the sampling location, which is
obtained by bilinear interpolation as Φmlqk = xl(pmlqk) =
xl(ϕl(rq) + ∆rmlqk). Note that for each query element,
the attention computation is performed with only sampled
regions of interest where the sampled number (= LMK)
is much smaller than the number of all the key elements
(
∑L

l=1 HlWl), thus leads to a reduced computational cost.

Problem with Direct Application to HOI Detection.
Deformable attention effectively reduces the complexity of
exploiting multi-scale features with transformers to an ac-
ceptable level. However, while the sampling procedure
above does not deteriorates performance in standard object
detection, it causes a serious performance drop in HOI de-
tection (29.07 → 25.53) as shown in Table 3. We conjec-
ture that this is partly due to the following reasons. First,
unlike the object detection task where an object query is
associated with a single object, an HOI query is entangled
with multiple semantics (i.e., human, object, and their in-
teraction); thus learning to sample the region of interest for
multiple semantics with individual HOI queries (especially
with sparse information) is much challenging compared to
the counterpart of object detection. Second, deformable at-
tention is learned to attend only to the sampling points near
the localized objects; this leads to the loss of contextual in-
formation that is an essential clue for precise HOI detection.
The following sections describe how we resolve these issues
and improve performance.

3. Method
In this section, we introduce MSTR, a novel deformable

transformer architecture that is suitable for multi-scale HOI
detection. To resolve the problems described in our prelimi-
nary, MSTR features new HOI-aware deformable attentions
designed for HOI detection, referred by Dual-Entity atten-
tion and Entity-conditioned Context attention.

3.1. HOI-aware Deformable Attentions

The objective of our HOI-aware deformable attentions
(Dual-Entity attention and Entity-conditioned Context at-
tention) is to efficiently and effectively extract information
of HOIs from multi-scale feature maps for a given HOI
query. Figure 2 shows conceptual illustrations of (a) de-
formable attention in literature [36], (b) Dual-Entity atten-
tions and (c) Entity-conditioned Context attention.

Dual-Entity attention for Human/Object. In HOI de-
tection, the HOI query includes complex and entangled in-
formation of multiple semantics: human, object, and inter-
action information. Therefore, it is challenging to accu-
rately predict sampling locations appropriate for each se-
mantic from a single HOI query. To make sampling loca-
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Figure 3. Overall pipeline of MSTR. On top of the standard transformer encoder-decoder architecture for HOI detection (i.e., QPIC), we
leverage deformable samplings for the encoder self-attention and the decoder cross-attention modules to deal with the huge complexity
caused by using multi-scale feature maps. For the decoder cross-attention, we leverage three sets of key elements sampled for our Dual-
Entity attention (denoted as DE sampling, DE attention) and Entity-conditioned Context attention (denoted as EC sampling, EC attention).

Figure 4. Comparison of a simple 2-layer Decoder architec-
ture for Transformer-based HOI detectors: (a) conventional one
introduced in QPIC, and (b) HOI-aware one in MSTR. Entity-
conditioned Context attention is abbreviated as Context Attention.
MSTR stacks decoder layers by merging the self attention outputs,
which further improves performance (see Table 3).

ding [36] is added to denote which resolution did the image
feature comes from.

Decoder. By leveraging our HOI-aware deformable atten-
tions, the cross-attention layer in MSTR decoder extracts
three different semantics (human, object, and contextual
information) for each HOI query from the encoded image
features. For each decoder layer, we discovered that com-
positing the multiple semantics obtained from the previous
cross-attention layer [5] by summing the semantics after ap-

plying individual self-attention demonstrates the best per-
formance (see Table 3 and Appendix). The input for the
(k + 1)-th layer of our HOI-aware deformable attention
z̄k+1
q is written as:

z̄k+1
q = SA(fh

q (k)) + SA(fo
q (k)) + SA(f c

q (k)), (6)

where fh
q (k), fo

q (k), f c
q (k) denotes the multiple semantic

outputs of the previous (k-th) decoder obtained by Eq.(4)
and Eq.(5), respectively. SA denotes Multi-Head Self-
Attention operation with Eq.(1) [27] and z̄1

q = SA(zq) +

SA(zhq ) + SA(zoq ).

MSTR Inference. Given the cross attention results of the
final decoder layer where fh

q and fo
q is obtained by Eq. (4)

and f c
q is obtained by Eq. (5), the final prediction heads in

MSTR predict the ⟨bboxhq , bboxoq, clsoq, actq⟩ using FFN as
follows:

(uqx, uqy, uqw, uqh) = FFNhbox(fh
q ), (7)

(vqx, vqy, vqw, vqh) = FFNobox(fo
q ), (8)

clsq = σ(FFNcls(fo
q )), (9)

actq = σ(FFNact(f
c
q )), (10)

where clsq and actq each denote predictions for object the
class and the action class after sigmoid function, and fi-
nal bboxhq is predicted with the center point

(
σ(uqx +

σ−1(hqx)), σ(uqy + σ−1(hqy))
)
, width uqw, and height

uqh. Likewise, the bboxo
q is predicted with center point as(

σ(vqx + σ−1(oqx)), σ(vqy + σ−1(oqy))
)
, width vqw, and

height vqh. σ and σ−1 denote the sigmoid and inverse sig-
moid function, respectively, and is used to normalize the
reference points hq, oq and the predicted coordinates of hu-
man boxes and object boxes uq{x,y,w,h}, vq{x,y,w,h} ∈ R.
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