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Abstract

Dynamic Scene Graph Generation (DSGG) aims to com-
prehensively understand videos by abstracting them into
visual triplets <subject, predicate, object>. Most exist-
ing methods focus on capturing temporal dependencies,
but overlook crucial visual relationship dependencies be-
tween entities and predicates, as well as among predi-
cate subclasses. These dependencies are essential for a
deeper contextual understanding of scenarios. Addition-
ally, current approaches do not support end-to-end train-
ing and instead rely on a two-stage pipeline, which in-
curs higher computational costs. To address these issues,
we propose an end-to-end Association Reasoning Network
(ARN) for DSGG. ARN leverages CLIP’s semantic pri-
ors to model fine-grained triplet cues to generate scene
graph. In addition, we design a Predicate Association Pars-
ing (PAP) module that employs a conditional weight map-
ping mechanism to structure entity and predicate repre-
sentations. We further introduce a Hierarchical Attention
(HA) mechanism to integrate spatio-temporal context with
entity and predicate representations, enabling effective as-
sociative reasoning. Extensive experiments on the Action
Genome dataset demonstrate significant performance im-
provements over existing methods. The source code is avail-
able in https://github.com/wlw951226/ARN.

1. Introduction

Scene graph generation is a promising approach to scene
understanding and has emerged as a frontier topic. Dynamic
Scene Graph Generation (DSGG) advances this by captur-
ing dynamic visual relationships in videos, contributing to a
comprehensive understanding of video content. DSGG has

=1 Corresponding authors.

Not _looking a

[Looking at]
lin front of}

predicate

012345678 9101112131415061
entity
(a) The correlation matrix between predicates and entities

touching
writifg e i

arrying not contacting

covered by

notebook

looking at “in front 6F"

(c) Association Reasoning Network

Figure 1. (a) The association frequency matrix between entities
and predicates in the dataset [13]; (b) the association frequency
matrix between predicate subclasses, where the vertical axis rep-
resents the pairwise combinations of two predicate subclasses; (c)
an example and the pipeline of our associative reasoning network.

also opened up new possibilities in areas such as video anal-
ysis [9, 18, 42], video captioning [12, 38], and video ques-
tion answering [5, 43], enabling computers to better simu-
late human perception and cognitive processes in real-world
scenarios.

Dynamic scene graphs encode implicitly co-occurrences
and affordance relations among entities and predicates. We
analyze the frequency co-occurrence of predicates and en-
tities in the Action Genome [13] dataset. As shown in
Fig. 1(a), there is a strong association between certain pred-
icates and entities; for instance, the predicate “writing on”
often implies that the object is a notebook. Similarly, when
the object is a notebook, it is likely in front of a person
who is looking at it. Fig. 1(b) highlights the association be-
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tween different predicates, and Fig. 1(c) provides an exam-
ple demonstrating that holding an object strongly suggests
its position in front of the person. However, existing meth-
ods overlook the dependencies between entities and predi-
cates. Modeling these visual dependencies enables a multi-
perspective understanding of scenes, resulting in more ac-
curate scene graphs.

In addition, the currently prevalent DSGG paradigm
[4, 6, 15, 29, 31, 36] are built upon a two-stage pipeline,
focusing on capturing the temporal dependencies of videos.
This two-stage paradigm independently optimizes the sub-
tasks of entity localization [33] and predicate prediction,
hindering end-to-end learning. Additionally, these meth-
ods generate redundant candidate boxes and predict rela-
tionships for all detected entity pairs, increasing computa-
tional cost.

Recently, the one-stage detector DETR [2] has trans-
formed the pattern of traditional detection frameworks by
adopting a set-based prediction approach for one-to-one
matching, eliminating the need for computationally expen-
sive hand-designed components such as non-maximum sup-
pression. Meanwhile, DETR-based methods [3, 25, 30, 35,
41] have demonstrated remarkable performance in image
understanding.

In this paper, we extend DETR to DSGG and propose an
end-to-end Association Reasoning Network (ARN). ARN
explores visual relation dependencies within scene graphs
and performs association reasoning with fine-grained entity
context. ARN leverages Contrastive Language-Image Pre-
training (CLIP) [32] to bridge vision and language, mod-
eling triplet cues through textual prompts, and extending
predicate prediction to triplet prediction. This approach en-
riches the semantic representation of predicate prediction
while ensuring semantic consistency between paired enti-
ties and predicates in DSGG.

We further design a Predicate Association Parsing (PAP)
module to link fine-grained representations from paired en-
tities and different predicate subclasses. It employs a condi-
tional weight mapping mechanism to dynamically organize
predicate representations across different branches. Addi-
tionally, we develop a Hierarchical Attention (HA) mech-
anism that integrates spatio-temporal context with com-
plementary predicate and entity cues in a structured hi-
erarchy. This method achieves association reasoning be-
tween entities and predicates while maintaining stable per-
formance during end-to-end training. Our experiments on
the widely used Action Genome dataset demonstrate that
ARN achieves state-of-the-art performance in DSGG.

The contributions of this paper can be summarized as
follows:

* We propose an end-to-end ARN model for DSGG, which
explores visual relation dependencies between entities
and predicates and performs association reasoning to gen-

erate accurate scene graphs.

* We introduce a Predicate Association Parsing (PAP) mod-
ule to associate and organize fine-grained representations
of different predicate subclasses and paired entities.

* We designed a Hierarchical Attention (HA) module to hi-
erarchically perform visual relation association reasoning
between paired entity representations and predicate rela-
tional context.

* We conducted a comprehensive evaluation of the pro-
posed method, demonstrating its superior performance.

2. Related Work

Image scene graph generation. Image scene graph gen-
eration aims to identify entities and predict the predicates
of image in form of triplets, which initially proposed by
[14]. Most early works [8, 19, 23, 27, 44, 45], focused
on refining entity and visual relationship representations in
images using various network architectures. Subsequently,
several works have attempted to design end-to-end image
SGG models. Cong et al. [7] treated SGG as a set prediction
problem and proposed an end-to-end image SGG model that
directly predicts sparse scene graphs based solely on visual
appearance. Furthermore, Li et al. [20] designed a graph as-
sembling module that infers the connectivity of a bipartite
graph based on entities features, generating scene graphs
through graph matching. Meanwhile, some researchers [28]
have focused on addressing the long-tailed distribution of
predicates in benchmark datasets [16] to generate unbiased
scene graphs.

Dynamic scene graph generation. The dynamic visual
relationships in videos are more complex and have tempo-
ral dependencies, making DSGG more challenging com-
pared to image scene graph generation. Previous works
have focused on capturing temporal dependencies in videos
and addressing data imbalance caused by long-tail distribu-
tions. Some works focus on designing more efficient tem-
poral dependencies reasoning networks. Cong et al. [6]
employed an encoder-decoder architecture to extract spatio-
temporal context from video frames and proposed a two-
stage baseline. Building on this, Pu et al. [31] injected
prior spatio-temporal knowledge into DSGG via statisti-
cal co-occurrence, proposing a spatio-temporal Knowledge-
Embedded Transformer. However, this method heavily rely
on the inherent distribution of the data, such as the long-tail
phenomenon. Differently, ARN does not rely on statistical
priors.

To overcome the limitations of the data’s inherent dis-
tribution, Nag et al. [29] proposed a memory-guided train-
ing method to alleviate the long-tailed distribution. Lin et
al. [24] introduced an asymmetric re-weighting loss that
relieve the issue of label bias by adjusting the weights of
tail predicates. Despite some progress, these methods sac-
rifice the performance of head predicates to focus on tail
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predicates. Additionally, they overlook the visual relational
dependencies within the scene graph, which encompass a
broader understanding of interaction context.

The most relevant work to ours is OED [37], which in-
troduces a progressive refined module to aggregate tempo-
ral context. But this module relies on independently op-
timized spatial context, resulting in degraded performance
during end-to-end training. In contrast to OED, we focus on
exploring visual dependencies between entities to enhance
holistic scene understanding and enabling fully end-to-end
implementation.

3. Method

In this work, we extend the end-to-end detector DETR[2]
to DSGG and propose an Association Reasoning Network
(ARN)), as illustrated in Fig. 2. ARN sequentially extracts
visual features and feeds them into two cascaded decoder
modules, the Entity Decoder and the Predicate Decoder, to
perform two subtasks: entity detection and triplet prediction
(Sec 3.1). Subsequently, we introduce triplet cues mod-
eling using CLIP’s semantic knowledge (Sec 3.2). More-
over, the Predicate Association Parsing (PAP) Module in
predicate decoder organizes predicate cues from different
branches and fine-grained paired entity features (Sec 3.3).
The Hierarchical Attention (HA) mechanism then aggre-
gates these with spatio-temporal features to perform associ-
ation reasoning, enhancing broader contextual understand-
ing of video scenes (Sec 3.4). Finally, we introduce the
training loss and inference process of ARN (Sec 3.5).

3.1. Overall Architecture

The overall architecture of our ARN is illustrated in Fig. 2.
The ARN is composed of a Backbone, an Encoder, an
Entity decoder andaPredicate Decoder.

Backbone. CNN-based backbone maps an input frame
I; to a spatial feature map f; € R7*WxC,

Encoder. The transformer-based encoder [2, 3, 30] re-
fines image features and captures spatial contextual infor-
mation. First, a 1 x 1 convolution and flatten operation are
applied to reduce the dimension and transform it into a se-
rialized feature representation f; € RHEWxd Next, we feed
the f; and fixed positional encodings p. [1] to the encoder
and output the enhanced spaital feature F,; € R7W x4,

Entity Decoder. Entity decoder consists of multiple
transformer decoder layers and several FFN heads and in-
troduces an entity query set QF € RN«*4 where N, is
the number of queries. Unlike previous methods, our query
set has two subsets QF = [Q?, Q°] € R¥«*4 that aim to
separate the subject and the object.

Moreover, a pair of learnable entity position embeddings
{e*,e°} € RNeXd is designed to assign the subject and
object at the same position to form pairwise entities. Fur-
thermore, e is employed to align the query sets for the two

decoders and update them during training. Overall, the im-
plementation of the entity decoder layer is as follows:

QY = Concat[Q°* +e*, Q°+e’], (1)
Qg) = Decg) (QE7 Fui)a (2)

Specifically, at each layer Decg), the queries first un-
dergoes self-attention to enable interactions among queries.
Subsequently, cross-attention aggregates visual features
F,; into the queries to obtain updated queries Qg). The

output of the entity decodgr, denoted as FZ, is derived from
the final updated queries Qg) after [ layers.

Finally, the entity representation F¥ passes through
the FFN head and object classifier at the top of the
entity decoder to obtain the bounding box coordinates
BP={b® b°} € RN«*4 and object categories C° € RN
for the paired entities.

Predicate Decoder The predicate decoder is tailored
to capture temporal dependencies and facilitate associa-
tive reasoning between entities and multiple predicate sub-
classes. In detail, the structure of the predicate decoder is a
multi-branch decoder architecture, each branch correspond-
ing to the prediction of a predicate subclass.

Each branch consists of multiple decoder layers and ini-
tializes predicate queries QP ¢ R™Na*? in j-th branch.
Unlike the entity decoder, we capture temporal dependen-
cies in visual features F,;. Specifically, we initialized a
learnable frame encoding p; € RN«***9 o identify dif-
ferent frames. Subsequently, we transpose the F,; in the
temporal dimension and update it by self-attention (SA) op-
eration to obtain the spatio-temporal context feature F',;¢.

Fi: = SA(transpose(Fy;)), 3)

Ultimately, QP"*% aggregates the F,;; through cross-
attention to generate fine-grained triplet representations
Frredi Furthermore, to encourage associative reasoning
across predicates, we design a predicate association embed-
ding ePm4" ¢ RNa*4 which is dynamically updated along
with the QP"¢% in the predicate decoder. The decoding pro-
cess of the predicate representation in the /-th layer of pred-
icate decoder Decl redt s as follows:

ép'redi —e% 4+ epredi7 (4)

F?lgedi _ DeCZSEdi(QpTedia épredi’ Fvita pt)7 (5)

3.2. Semantic Triplet Cue Modeling

We use CLIP [32] to extending traditional predicate predic-
tion to triplet prediction and inject domain-agnostic prior
knowledge into our ARN.
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Figure 2. Illustration of the proposed Association Reasoning Network (ARN), which first extracts visual features from the video, and
the entity decoder is used to locate entities. Subsequently, the multi-branch predicate decoder captures the temporal dependencies in
visual features and infers representations for each predicate subclasses. Finally, the proposed Predicate Association Parsing (PAP) Module
and Hierarchical Attention (HA) associates different predicate subclasses cues and aggregates fine-grained entity features to refine the

prediction results.

Specifically, we follow the ActionGenome [13] setting
and divide predicates into three subclasses: Attention,
Spatial, and Contact. Then we design distinct textual
prompts for each predicate subclass to build a bridge for
interaction between CLIP and visual triplets :(1)* *The
person 1s [attention predicate] at the
[object]’’; (2))'The [object] is [spatial
predicate] the person’’; (3))‘a photo of
a person maybe [contacting predicate]
the [object]’’, anexample is illustrated on the right
side of Fig. 2. Next, we use the CLIP text encoder to extract
text embeddings EPr¢dt ¢ RNvreaiXd for each predicate
subclass triplets, where EPrredi gerves as semantic cues for
the visual triplets, N,..q; denotes the number of triplet
categories in ¢-th predicate decoder branch.

Based on this, we use the EP¢% to initialize the clas-
sifier weights w?"*¥, For the n-th query in i-th branch,
it computes the similarity score s, between the query rep-
resentation and the triplet embeddings to align the visual
and semantic information, then apply softmax activation to
compute the focal loss [22], yielding the predicate predic-
tion loss Lpred-

Moreover, for the entity decoder, we design textual
prompts for object categories *‘a photo of person
and a [object]’’. We extract text embeddings F° €

RNevs ¥4 ip the same manner and use them to initialize the
classifier weights w® of the entity decoder. The object clas-
sifier is optimized using cross-entropy loss.

S;L = [Sim(FfLmdiv Elljredi)’ T Sim(FfLTEdi7 E%:i; )]
(6)
1 . )
Lpea = 77 D, Lroca(0(s3,), 427", )

neN,

3.3. Predicate Association Parsing Module

As mentioned previously, the pairwise entities can be asso-
ciated with multiple predicates, and these entity-predicate
associative cues are crucial for DSGG. Therefore, we pro-
pose a Predicate Association Parsing (PAP) Module that
first leverages a conditional weight mapping mechanism to
differentiate and organize multiple predicate subclass cues,
then performs associative reasoning by aggregating global
spatio-temporal context and fine-grained entity representa-
tions.

We denote the outputs of different branches in the pred-
icate decoder as FP7ed4, FrredS and FPredC  using the
initials of predicate subclasses for simplicity. For FPred4,
we treat FP7°?5 and FP7¢?C as complementary predicate
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Figure 3. The architecture of the proposed Predicate Association
Parsing (PAP) Module and Hierarchical Attention (HA) Mech-
anism. The PAP organizes complementary predicate cues and
embeds entity context into the current predicate representation.
Building on this, the HA aggregates spatio-temporal context, ex-
plores visual relation dependencies, and progressively refines the
predicate representation.

representations and use a linear layer to reduce the dimen-
sionality of them. Then we concatenate them as comple-
mentary predicate cues for the current branch, denoted as
FeompA = Concat[FPredS FPred€] During the dot prod-
uct operation, the cross-attention weights consist of two
components, balancing the contributions of different predi-
cate subclasses and preventing the model from being biased
toward any single predicate representation.

Q = (Qs,Qc) = (FPreds Frred?) K = F,;,+ Py, (8)

Q'K = Q{K + QFK, ©9)

Next, we integrate the fine-grained paired entity features
F¥ into Frred4,

F?Tifn = MLP(concat[FPre?4 ferredd BE]) - (10)

where eP"¢%4 denotes the predicate association embed-
ding for attention predicates. Finally, we perform associa-
tive reasoning between the entity representation and various
predicate representations through the proposed hierarchical
attention module.

3.4. Hierarchical Attention

Visual relational dependencies are crucial for understanding
scene context, yet traditional cross attention mechanisms

struggle to associate multiple semantic representations. To
this end, we designed a Hierarchical Attention (HA) Mech-
anism, building upon the predicate association parsing mod-
ule. The HA mechanism enables fine-grained integration of
entity features with diverse predicate representations, facil-
itating associative reasoning and improving the prediction
of tail predicates. The concept is illustrated in Fig. 3.

Specifically, HA is a quadruplet attention paradigm
(Qcur, Qeomp, K, V), where Q. is the predicate subclass
representation of the current branch, and Q. represents
a complementary predicate cues, which is the cues repre-
sentation of the other predicate subclasses.

Taking the branch of the attention predicate subclass as
an example, we perform the first-level cross-attention op-
eration to associate complementary predicate cues FeoP4,
where FcomPA gerves as the query Qcomp, and F;; is used
as the key and value, e® as the query pos. This process
highlights regions of interest related to other predicate sub-
classes and updates Qcopmyp to obtain F,py .

Fcomp = Att{IA(Qcompy K:Fvit + P, V:Fvit)7 (11)

Second, we perform the second-level cross-attention op-
eration, where FP"°%4 serves as the query Qeur, Qcomp
as the key and F,,,, as the value. This operation first
establishes the association between the current predicate
subclass and complementary predicate cues, then propa-
gates the spatio-temporal visual features to the query of the
current subclass, highlighting the most relevant categories
and updating the predicate representation FP"*?4_ Finally,
the FPm¢?4 passes through the linear mapping layer and is

added to the original input Q.,,., yielding the final output
FpredA

assoc *
FpredA — AttgA(chT = :Fp’”:'d‘A7 Qcomp7 Fsup)a (12)

FPredd — Linear(FPed4) 4 Frredd, (13)

3.5. Training and Inference

Training. We compute the matching cost using the Hungar-
ian matching algorithm [17], thereby obtaining the query
indices that best match the ground truth within the query
set. Then we compute the loss between the corresponding
queries and the ground truth across three aspects: object cat-
egory loss L, paired entity bounding box loss Ly, and
predicate category loss Lycq. The first two aspects follow
the DETR [2] framework. Besides, we follow [11] to apply
an £ loss between the predicate and image embeddings to
align the visual and textual features. The overall loss func-
tion is formulated as:

Etotal = )\obj £obj + )\bom Lbom + Aprcdﬁ;m"ed + Al1 L:l ) (14)
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where Aopj, Apoa> Apred and A;, are hyper-parameters.

Inference. During inference, the score of object cate-
gory s° is simply the top-1 score from the softmax distribu-
tion over objects, and the triplet score (s?7%4, !5 st7C) of
each predicate subclass is obtained using sigmoid function.
Subsequently, we calculate the predicate score. For the i-th
query and the j-th predicate class, we take the maximum
score among the triplet scores belonging to the predicate
subclasses associated with that predicate class to obtain the
score for the j-th predicate class.

predA __ triA _triA triA
ij = Max{s;1"",s;5"", ..., s;p " ], (15)

S

where 1,2, ..., k are the score indices in the triplet scores of
. . predA

the j-th query. Finally, we compute s7 * s;; as the final

score for the j-th predicate of the i-th query to generate the

scene graph.

4. Experiments

4.1. Experimental Setting

Dataset. We evaluated our method on the Action Genome
dataset [13], which is a large-scale video scene graph
dataset built on the Charades dataset [34]. This dataset
covers 234,253 frames from 9,848 videos, with a total of
476,229 object bounding boxes and 1,715,568 relationship
entities. There are 36 entity categories and 26 predicate cat-
egories in these annotations. Predicates are further divided
into three categories: attention, spatial, and contacting.

Evaluation Metrics. We evaluated the Scene Graph De-
tection (SGDet) and Predicate Classification (PredCls) task
on the AG dataset. SGDet aims to detect entities and pre-
dict predicates without labels. PredCls is a relatively simple
task, focused on predicting predicates based on given oracle
detection results. We primarily evaluate the performance of
SGDet task. Following previous works, we adopt Recall@k
and mean Recall@K as evaluation metric to measure the
ratio of correct entities among the top K predicted entities
with the highest confidence (K=10, 20, 50). To make a suf-
ficient comparison with the baseline, the experiment was
conducted under two settings: With Constraint and No Con-
straints. With Constraint only selects one predicate for each
entity pair. No Constraints allows multiple predictions of
the relationship between each entity pair.

Training Details. We employ ResNet-50 as the CNN
backbone and The number of layers for the Transformer en-
coder and decoder are set to 6 and 3, respectively. For train-
ing our model, we initialize the network with the parame-
ters of DETR trained with the COCO dataset. ARN train for
20 epochs using the AdamW optimizer [26] with the batch
size 8, initial learning rate of le=* of the backbone. For
each decoder, we set the number of queries N, = 100 and
use fine-tune the CLIP text embeddings initialized classifier
with a small learning rate of 1e~>. Moreover, the last layer
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Figure 4. Comparative per predicate class performance for
SGDET task. Results are in terms of mR@10 under “No con-
straint” setup. Predicates are arranged from left to right in order
from head to tail.

of the predicate decoder is our proposed predicate associ-
ation parsing module. The hyper-parameters for the Hun-
garian costs Aopj, Apred> Aboxs Alp» and the loss weights of
them are set to 1, 2, 2.5, 20, respectively. We conduct our
experiments on one NVIDIA 4090 GPU.

4.2. Comparison to state-of-the-art

To evaluate the performance of our model, we compare it
with several state-of-the-art DSGG approaches [6, 10, 21,
23, 27, 29, 36, 37, 39, 40]. Tab. 1 shows the comparative
results for SGDET task in terms of R@K under both No
constraints and With Constraint settings.

In SGDet task, our method outperforms all existing two
stage and one stage methods, with ARN improves the per-
formance of the second-best method by 2.3%, 2.4%, and
2.3% under R@K metric of No constraints setting, respec-
tively. Under the With Constraint setting, ARN improves
performance by 1.6% on R@10 and 0.9% on R@20 com-
pared to the current best method, however, it is slightly
lower than the current best method on R@50. We con-
jecture the reason is as follows: In triplet prediction, ARN
may generate more semantically similar result, and under
the With Constraints setting, redundant results may oc-
cupy the top-ranking positions, thereby affecting the results
in this setting. However, the results become reliable with
fewer predictions when K =[10,20].

We evaluated the mR @K metric for each predicate cate-
gory under No constraints setting, selecting several repre-
sentative methods for comparison, as shown in Fig. 4. Our
method achieves the best performance across most predi-
cate categories, with varying shades of green indicate in-
stances where other methods slightly outperform ours in a
few categories. This demonstrates that our proposed ARN
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With Constraint

No Constraint

Method R@10 R@20 R@50 mR@10 mR@20 mR@50 R@I0 R@20 R@50 mR@10 mR@20 mR@50
Two Stage Method
VRD[27] 19.2 24.5 26.0 - - - 19.1 28.8 40.5 - - -
GPS-Net[23] 24.7 33.1 35.1 - - - 24.4 35.7 473 - - -
TRACEJ[36] 13.9 14.5 14.5 8.2 8.2 8.2 26.5 35.6 453 22.8 313 41.8
STTran[6] 25.2 34.1 37.0 16.6 20.8 222 24.6 36.2 48.8 20.9 29.7 39.2
APT[21] 26.3 36.1 38.3 - - - 25.7 379 50.1 - - -
STTran-TPI[40]  26.2 34.6 374 15.6 20.2 21.8 - - - - - -
TR"2[39] 26.8 355 38.3 - - - 27.8 39.2 50.0 - - -
TEMPURA[29]  28.1 334 349 18.5 22.6 23.7 29.8 38.1 46.4 24.7 339 43.7
TD"2[24] 28.7 - 37.1 20.4 - 26.1 30.5 - 49.3 279 - 46.3
DSG-DETR[10]  30.3 34.8 36.1 16.4 19.3 20.1 32.1 40.9 48.3 21.3 28.1 -
OED[37] 335 409 489 21.5 274 334 353 444 518 27.2 40.5 504
One Stage Method
RelTR[7] 19.7 234 25.9 - - - 20.9 24.6 28.2 - - -
OED*[37] 31.5 37.7 43.7 20.6 26.1 30.2 334 41.3 49.0 26.1 38.5 47.7
Ours 35.1 41.8 47.2 23.2 29.0 33.6 37.6 46.8 54.1 29.7 41.9 51.9

Table 1. Comparative results for SGDet task, on Action Genome dataset [13], in terms of Recall@K and mean Recall @K metric, best and
second best results under each setting are respectively marked in bold and underline. where * indicates end-to-end training results.

—— w/o PAP+HA
—e— Full Model

drnking_from

Figure 5. Ablation results for per class performance in SGDET
task. Results are in terms of mR@50 under “No constraint”.

Method With Constraint No Constraint
R@I0 R@20 R@50 R@I0 R@20 R@50 FPS #Params(M)
TRACE[36] 275 275 275 72.6 91.6 96.4 - -
STTran[6] 68.6 71.8 71.8 77.9 94.2 99.1 - 151.03
TEMPURA[29]  68.8 71.5 715 80.4 94.2 99.4 - 248.8
TD272[24] 70.1 - 73.1 81.7 - 98.8 - -
OEDI[37] 73.0 76.1 76.1 83.3 953 99.2 121 54.54
Ours 74.6 74.6 74.6 83.7 96.7 99.9 162 54.06

Table 2. Comparison results for PredCls task, on Action Genome
dataset [13], in terms of Recall@K metric. Best and second best
results under each setting are respectively marked in bold and un-
derline.

framework effectively mitigates the long-tail problem, im-
proving accuracy on tail predicates while maintaining per-
formance on head predicates.

In PredCls task, as shown in Tab. 2, ARN imporves the
performance of the second-best methods by 0.4%, 1.4%,
0.5% on the R@K metric under the No Constraints setting.
It also achieves comparable performance under the With
Constraints setting. Although ARN is designed for SGDet
task, its performance on the PredCls task also demonstrates

its versatility across multiple tasks.

Additionally, as shown in Tab. 2, our model exhibits a
significant advantage in parameter efficiency compared to
two-stage methods [6, 29]. In terms of inference speed, it
surpasses the end-to-end algorithm OED. Notably, OED re-
lies on adjacent frames during inference, requiring the pro-
cessing of more images. Our experiments show that our
method achieves an inference time of 8 minutes per round,
whereas OED requires 22.7 minutes per round.

4.3. Ablative Study

We proposed two modules in our ARN, Predicate Asso-
ciation Parsing Module (PAP) and Hierarchical Attention
(HA), and performed ablation studies on different compo-
nents to clarify their contributions to performance.

Association Parsing Network. We evaluate the effec-
tiveness of several components in the proposed ARN frame-
work. We extend DETR for DSGG and establish it as our
baseline. We choose focal loss as the loss function for pred-
icate prediction and compare it with cross-entropy loss for
fairness, as shown in the first and second rows of Tab. 3. The
results indicate that focal loss is better suited for DSGG.
We leverage CLIP to extend predicate prediction to triplet
prediction, using CLIP’s semantic knowledge to guide the
model in learning more robust triplet semantic context. As
demonstrated in the third row of Tab. 3, this is an effective
approach for enhancing scene understanding.

Predicate Association Parsing Module. We examine
the impact of the proposed Predicate Association Parsing
Module on model performance, as shown in the fouth row
of Tab. 3. Without incorporating HA, associating fine-
grained paired entitiy features enhances the model’s per-
formance, demonstrating the positive role of visual relation
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Figure 6. Comparative qualitative results. From left to right: input video frames, dynamic scene graphs generated by STTran [6],
TEMPURA [29], OED [37] and ours. Incorrect and correct predicate predictions are shown in green and red, respectively.

No Constriant

Baseline  Lyocar CLIP PAP HA ' a1 R@s50 mR@I0 mR@30

v 24 43 196 393
v v 317 454 256 44.8
v v v 344 517 271 485
v v v 353 522 279 49.8

vV vV N vV | 36 541 29.7 51.9

Table 3. Ablative studies on our framework for SGDet task.

Method No Constraint

R@10 R@50 mR@10 mR@50
Model I | 35.0 51.5 27.3 48.9
Model IT | 36.9 53.0 29.3 51.4
Ours 37.6 54.1 29.7 51.9

Table 4. Ablative studies on Conditional weight mapping.

dependencies between entities and predicates in predicate
prediction. With Hierarchical Attention included, the re-
sults further improve (fifth row of Tab. 3), indicating that
visual relation dependencies between predicate subclasses
also facilitate a broader understanding of interactive con-
text, validating our motivation.

Conditional weight mapping. We evaluate the ef-
fectiveness of the proposed conditional weight mapping
mechanism for association reasoning. Following the cross-
attention structure, we directly add paired entity representa-
tions to the predicate query, denoted as Model I. Addition-
ally, we experiment with handling features from different
sources through nonlinear mapping, denoted as Model II.
As observed in the first and second rows of Tab. 4, intro-
ducing entity information without proper organization neg-
atively impacts the original performance of ARN. Nonlinear

mapping yields some improvement, but conditional weight
mapping provides a more elegant approach to achieving ef-
fective association reasoning.

More analyize. To further analyze the impact of the pro-
posed modules, we present the average recall for each pred-
icate class in the SGDet task, as shown in Fig. 5. It can
be observed that after removing the PAP and HA modules,
the model’s performance drops in 92% of predicate cate-
gories, with only slight improvements in the “standing on”
and “wearing” categories (0.48% and 0.17%, respectively).

4.4. Qualiative Results

Fig. 6 presents the qualitative results in SGDet task. The
results show that existing two-stage methods (i.e., STTran,
TEMPURA) are clearly at a disadvantage in entity detection
(erroneous detections result in incorrect triplets). In con-
trast, one-stage methods excel in entity detection. Addition-
ally, ARN accurately detects more tail predicates, demon-
strating a broader capability for scene understanding.

5. Conclusion

In this paper, we propose an end-to-end Association Rea-
soning Network (ARN) for DSGG. ARN is the first to
model reasoning over visual relation dependencies. We ex-
tend predicate prediction to triplet prediction and introduce
a Predicate Association Parsing Module (PAP) to organize
and interpret multiple predicate subclasses and fine-grained
entity representations. Additionally, we design a Hierar-
chical Attention (HA) mechanism to effectively aggregate
multi-source information for association reasoning. Exten-
sive experiments on the Action Genome dataset demon-
strate the effectiveness of our method.
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