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Abstract

In recent years, while Scene Graph Generation has
advanced significantly, mainstream methods remain con-
strained by predefined object and relationship categories,
limiting generalization to open real-world scenarios. In-
spired by open vocabulary object detection, recent efforts
have expanded SGG to the open vocabulary domain. How-
ever, these models often rely on off-the-shelf VLMs, lacking
discriminative attribute extraction and suffering from lim-
ited object-relationship semantic interaction, which leads
to misclassification of novel categories. To address these
issues, we propose the MoE Feature Decoupling (MoE-
FD) framework for Open Vocabulary Scene Graph Gener-
ation. MoE-FD adaptively learns feature decoupling for
objects and relationships via multiple experts, prioritizing
critical features through gating network weights. Moreover,
it models semantic interactions between objects and rela-
tionships using iterative cross-attention, enhancing rela-
tionship triple associations and visual-semantic alignment.
The main contributions of MoE-FD are threefold: (1) A
MoE-based feature decoupling framework that adaptively
enhances discriminative feature representation for objects
and relations. (2) Semantic interaction modeling between
objects and relations to strengthen relationship triple asso-
ciations and image-text alignment accuracy. (3) Extensive
experiments demonstrate the effectiveness of MoE-FD on
the Visual Genome dataset.

1. Introduction

The goal of Scene Graph Generation (SGG) is to parse
an image into a structured representation that identifies
objects and their semantic relationships as triplelets like
(subject, relationship, object), typically formatted as a
graph where nodes represent objects and edges denote the
relationships between them. It is a promising way to repre-
sent the semantics of visual content, which can bridge the
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Figure 1. (a) Existing OVSGG methods simply utilize VLM mod-
els to align visual concepts with candidate labels, which easily
leads to confusion between similar categories; (b) MoE-FD fo-
cuses on detailed information through feature decoupling, thereby
enhancing the model’s discriminative ability.

large gap between vision and natural language. In recent
years, scene graph generation has attracted significant in-
terest from researchers and demonstrated superior seman-
tic representation capabilities in various downstream tasks,
e.g., image retrieval [13], image captioning [10, 19, 42, 43]
and visual question answering [8, 9, 46].

Although significant progress has been made in the field
of scene graph generation, most mainstream methods are
limited to predefined sets of object and relation categories,
making SGG models difficult to generalize in open real-
world scenarios. With the recent proposal of open vo-
cabulary tasks, particularly inspired by the field of open
vocabulary object detection [7, 17], some recent meth-
ods [3, 11, 16, 18] have begun to expand the SGG task from
closed sets to the open vocabulary domain. In particular,
Chen et al. [3] have explored fully open vocabulary scene
graph generation, a challenging task where both objects and
relationships are novel. However, as shown in Figure 1,
most of these models only utilize off-the-shelf VLMs to
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obtain visual features, lacking discriminative attribute ex-
traction for novel objects and relationships, leading to the
misclassification of novel classes as similar base classes.
Meanwhile, these methods usually rely on similarity calcu-
lations in the semantic space to independently assign labels
to objects and relationships, resulting in a lack of interac-
tion between object-relationship semantics, leading to lim-
ited diversity and accuracy in image-text alignment.

To address the above issues, an intuitive approach is
to perform attribute decoupling on the visual features of
objects and relationships, selecting discriminative parts as
feature representations to facilitate the distinction between
similar categories. Meanwhile, the decoupled attributes also
facilitate modeling interactions between objects and rela-
tions, for example, when distinguishing between “cup” and
“bowl” in an image, decoupling attributes such as “shape”
and “‘size” allows for accurate differentiation, and further
enables modeling relational interactions like “man drinks
from bowl ”. However, in the real world, objects have di-
verse attributes, and abstract relational attributes are even
more difficult to define, leading to difficulties for models in
acquiring effective training data.

In response to the above challenge, we propose the
Mixture-of-Experts Feature Decoupling (MoE-FD) for
Open Vocabulary Scene Graph Generation (OVSGG)
framework, which adaptively learns the ability of feature
decoupling for objects and relations by multiple experts,
and focuses on the most important part by calculating the
weight of each expert with a routing network. Moreover,
we model the semantic interaction between objects and rela-
tionships after the feature decoupling with experts, thereby
improving the prediction capability for novel classes with-
out attribute annotations. In detail, after extracting visual
and textual features using existing VLMs, we set up mul-
tiple expert layers to decouple object/relationship features
and select salient attributes via a routing network, thereby
enhancing the discriminability of object/relation features.
In addition, we introduce structured semantic priors, e.g.,
ConceptNet [33], into the routing network to guide our
model to select more relevant experts. Subsequently, an it-
erative cross-attention mechanism is utilized to model the
semantic interaction between objects and relationships, thus
strengthening the semantic associations within relationship
triples step-by-step. Finally, we align visual concepts with
semantic labels in the semantic space. Furthermore, follow-
ing OvSGTR [3], we also adopt relation-aware weakly su-
pervised pre-training to improve the model’s ability to per-
ceive novel categories.

The main contributions are summarized as follows:

1. We propose a feature decoupling framework based on
MoE, which could adaptively learn the attribute decou-
pling capabilities of objects and relationships, thus en-
hancing the discriminability of features.

2. The proposed MoE method could guide semantic inter-
action between objects, therefore strengthening the se-
mantic association of relationship triples and improving
the accuracy of image-text alignment.

3. The evaluation on the Visual Genome datasets verifies
the effectiveness of the proposed MoE-FD.

2. Related Work

2.1. Scene Graph Generation

Since its proposal, Scene Graph Generation (SGG) has re-
ceived widespread attention. Early works [4, 22, 36, 42]
focused on traditional fully supervised settings, these ap-
proaches are limited by dataset annotations, making them
difficult to apply to real-world scenarios. Therefore, some
researchers [23, 35] have begun to explore extending SGG
to a generalized filed. For instance, Tang et al. [35] at-
tempted to achieve zero-shot relation inference through
causal reasoning. However, these early explorations only
tried to predict relation triples that do not fully appear in
the training set, which means the elements in the triples are
not completely novel. Due to this imprecise definition, their
methods cannot substantially generalize to novel categories.

In recent years, with the proposal of open vocabulary
tasks, especially the development of open vocabulary ob-
ject detection, some researchers [3, 11, 16, 27, 47] have
shifted their focus to open vocabulary scene graph gener-
ation (OVSGG). These works can be roughly divided into
two categories: methods based on Vision-Language Mod-
els (VLM) and methods based on Multimodal Large Lan-
guage Models (MLLM). Among them, VLM-based meth-
ods typically rely on the cross-modal mapping capabilities
of VLMs, using models such as CLIP [29] or Grounding
DINO [37] to map visual concepts and semantic labels into
the same space, thereby enabling the prediction of novel
classes. For example, He et al. [11] conduct OVSGG via
visual-relation pre-training and prompt-based fine-tuning,
Zhang et al. [47] construct a visual-semantic space through
CLIP to align visual concepts and relational semantics. Fur-
thermore, Li et al. [18] and Chen et al. [3] consider em-
ploy image caption to enhance the semantic context for
OVSGGQ. Li et al. [16] further explore an interaction-aware
fine-tuning strategy to focus on the most important objects
in scenes. However, these methods only utilize pre-trained
VLMs to process visual features and lack the ability to cap-
ture visual details, thus easily leading to confusion between
similar visual concepts.

In contrast, MLLM-based models consider leverag-
ing the sequence prediction capabilities of MLLMs (e.g.,
BLIP [15] or LLaVA [25]) to transform scene graph gen-
eration into an image-based structured sequence prediction
problem. For example, Zhou et al. [51] adopt an iterative
prediction mechanism, which could reason fine-grained re-
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lationships for OVSGG. Wang et al. [38] employ an in-
struction fine-tuning strategy based on LLaVA to unify text
generation, object localization, and relation comprehen-
sion. However, these models require substantial compu-
tational resources, making them difficult to apply conve-
niently. Therefore, this paper focuses on VLM-based meth-
ods. Among these previous work, the most similar one
to our proposed method is [3], where our main difference
lies in the introduction of MoE-based feature decoupling,
thereby enabling the active discovery of key details.

2.2. Mix-of-Expert Methods

Mixture of Experts (MoE) networks [12] have been pro-
posed for decades and successfully applied to various net-
work enhancement tasks, including image recognition [31,
40], video captioning [39], and person re-identification [5].
Their initial design consists of a set of expert networks,
where each expert learns a subtask for the entire dataset.
Each expert either shares the same weights or employs dif-
ferent gating schemes to selectively deactivate parts of the
network. For example, partition and collaborative training
strategies were proposed to enhance the learning capability
of the original network [48]. In recent years, researchers
have also attempted to apply MoE to scene graph gener-
ation. For instance, Zhou er al. [50] addressed unbiased
scene graph generation through joint prediction by multiple
experts.

The main difference between our proposed method and
theirs is that we consider the more challenging fully open-
vocabulary scene graph task and decouple visual features
via MoE to improve the model’s discriminative ability
across different categories, rather than directly using MoE
for prediction.

3. Method

As shown in Figure 2, to conduct the open vocabulary scene
graph generation (OVSGG) for the given image I, we take
I and possible object/relationship categories as input, then
adopt the MoE feature decoupling module to learn the dis-
criminative features. After that, we utilize the iterative
cross-attention to model interactions between objects and
relationship features. Finally, visual concepts and labels are
aligned in a visual semantic space. We will provide the
problem definition and detailed introduction of each com-
ponent in the following.

3.1. Problem Definition

Given an image I, OVSGG aims to construct a graph
structure G = {V, E} to represent the visual concept
within I, where V' and E denote the object node and re-
lationship edge set, respectively. Specifically, to gener-
ate scene graphs containing object and relationship cat-
egories beyond the training vocabulary, we define three

critical settings based on vocabulary visibility: OvD-SGG,
OVR-SGG, and OvD+R-SGG. In detail, with defining the
training set and test set of objects and relationships as
Vo, Vi Viest, and Vi, OvD-SGG involves novel
objects with fixed relations, which can be formulated as
Vigst O Viam Vit = VI, requiring detection

test

of objects from V, ;”** while predicting relationship only
from training set. OVR-SGG refers to novel relationships
with fixed objects, defined by V%" D Ve, Viest =
Ve, involving prediction of relationships from V5"

train yusing only training object categories. OvD+R-
SGG entails novel objects and relations simultaneously, ex-
pressed as Viest O Ve, VIgst 5 Ve demanding

handling of both V" \ V7™ objects and V!5 \ V7"

relations in scene graph generation.

3.2. Feature Extraction

MOoE-FD takes the image and class prompt as input, where
the class prompt is structured by concatenating all the possi-
ble object and relationship categories following [3, 17, 26].
Furthermore, during training, to avoid the difficulty in learn-
ing caused by an excessively large vocabulary set, we ran-
domly sample negative words and fix the total number of
positive and negative words to N. Then we extract vi-
sual and textual features with frozen image backbone and
text encoder, e.g., Swin Transformer [28] and BERT [6].
After obtaining embedded visual and textual features, a
transformer-based context extractor is adopted to fuse in-
formation from both modalities and capture contextual in-
formation. Following DETR [1], we randomly initialize a
query sequence to learn features of different objects in the
visual scene, where the length of the object queries is fixed
to K. Furthermore, we set a relation query for each poten-
tial relationship, which is used in the decoding stage of the
context extractor to compute cross-attention with visual and
text features, thereby learning relation-aware contextual in-
formation.

After passing through the context extractor, K object
queries {v;} x and relation query r capture the object and
relationship context in the visual scene, and we then use
them to construct features of nodes and edges in the scene
graph. For the i-th object, its corresponding node feature
can be constructed as n; = [v;, p;], where p; is a 4-d po-
sition vector decoded by a bounding-box head similar as
DETR, and [,] is concatenate operation. Edge features
are constructed by combining corresponding object features
and the relation-aware query. For example, the feature of an
edge connecting the ¢-th and j-th object can be constructed
as e; ; = ¢([ni, nj,r]), where p(-) is a two-layer MLP.

3.3. Feature Decoupling via MoE

Traditional feature extraction methods typically treat fea-
tures as a single representation and fail to capture fine-
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Figure 2. Left: the framework of proposed MoE-FD; Right: the detail of two main components, i.e., Feature Decoupling via MoE and

Iterative Feature Refinement.

grained visual semantic differences, such as object shape
and texture or spatial and semantic relationships between
objects. To address this limitation and enhance the model’s
generalization ability to novel categories, we propose a dy-
namic feature decoupling framework based on the Mixture
of Experts (MoE) structure, named MoE-FD.

MOoE-FD decouples features with two components: ob-
ject feature decoupling and relationship feature decoupling.
Specifically, we first design a routing network that adap-
tively selects experts based on input node (object) / edge
(relationship) features and semantic prior, e.g., ConceptNet.
This dynamic selection mechanism ensures that each fea-
ture type is processed by the most relevant expert, thereby
improving feature specificity and discriminability.

Firstly, object feature decoupling disentangles object-
specific visual-semantic attributes, e.g., shape, texture, and
functionality, via a knowledge-guided route network to cap-
ture diverse object characteristics. Given a node feature
n;, we first retrieve related nodes in ConceptNet with se-
mantic similarity greater than e based on the pseudo-labels
provided by the VLM, extract the neighboring nodes and
edges within two hops of these related nodes as the seman-
tic prior subgraph CY ;, and then encode Cj, ; into a 1024-
dimensional continuous vector C';H Then we concatenate
C'k,i» ni, and relation query r to compute the expert weights

as follows:

Zo = MLProute ([, Ck,i, 7)),

Vk € {1,..., B,}, )

ay, = Softmax(z, )

where E, is the number of object experts, and o denotes
the weight of the k-th expert. Specifically, the relation-
aware query r is adopted to enable the routing network
could perceive context information, while the semantic
prior ék,i is utilized to introduce knowledge with novel
classes. The node feature is then computed as a weighted
sum of expert outputs:

S|

2

g - EXpCI’tzbj (nl),
1

ol
Il

where ExpertzbJ is a 3-layer MLP with ReLU activation,
specializing in a unique visual-semantic subspace, e.g.,
shape, texture, or function. Secondly, relationship feature
decoupling decomposes inter-object relational cues, such
as spatial layout and semantic interactions, through expert
collaboration to enhance context-dependent relationship un-
derstanding. Given the feature of relationship edge e; ;, the
routing network similarly outputs weights f3,,, for E, rela-
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tion experts and update the edge feature as follows:

Zr = MLPRoute(ei,j» ék.,ij)a

Bm = Softmax(z.),, VYm e {1,...,E.},
(3)

E,
e = Z Brm - Expert (e; ;),

m=1

where C’kw is the semantic prior extracted based on both n;
and n;.

3.4. Iterative Feature Refinement

To further enhance the discriminative power of node/edge
features, we design a cross-module interaction mechanism
that enables dynamic information exchange between object
and relationship experts, which is conducted in an iterative
way. Moreover, for simplicity, here we still denote the re-
constructed node and edge features as n; and e; ;

In the first stage, edge features are updated using cross-
attention over node pairs. Given node feature {n;}X | and
edge features {e; ;}/;_,, we compute the attention weight
between node ¢ and node j to capture their pairwise interac-
tion:

). NT
w; ; = Softmax ((‘DQ(HZ)\/EK(”J) ) 7 @

where ¢¢(-) and ¢ (-) are linear projections for query and
key, and d is the feature dimension. The updated edge fea-
ture e; ; 1s then obtained by aggregating node 7’s value fea-
tures weighted by wy ;:

efi,j = €45 + MLPedge (’LUZ‘J . (,ZS(TLq + nj)) ; (5)

where ¢(-) is the value projection, and MLP.qg. is a projec-
tion layer. This step ensures edges encode fine-grained node
interactions, e.g., “person” and “skateboard” contribute to
the “ride” relation edge.

In the second stage, node features are refined using the
updated edge features from the first stage. For each node
i, we compute attention weights over all adjacent edges
{e; ;1< to model edge-to-node semantic feedback:

/

LYo T
vi,; = Softmax <¢Q(6w )\/%DK(nl) ) 7 ©

where ¢, () and ¢/ (-) are edge-specific query/key projec-
tions. The refined node feature n) is computed by aggregat-
ing edge features weighted by 3; ;:

K

n; = n; + MLPpoqe Z'Yi,j : ¢’(€§,j) ’ (7
j=1

where V'(-) and MLP,,,4. are projection layers. This bidi-
rectional update ensures nodes adapt to relational seman-
tics. Furthermore, we iterate these two stages C' times and
use the final output for object/relationship classification.

3.5. Open-Vocabulary Classification for Objects
and Relationships

Following previous work [3], we achieve open vocabu-
lary scene graph generation by matching node/edge features
with semantic concepts in the semantic space. For simplic-
ity, here we still denote the refined node and edge features
as n; and e; ;.

For object node classification, we first compute the sim-
ilarity between each node feature n; and the word embed-
ding. Defining the word embedding as bg, , which is pro-
vided by pre-trained models like CLIP [29], the similarity
is defined as simoyj(n;, gr) = o ((bg,,ns)), where (-, -) de-
notes the dot product and o is the sigmoid function. To
handle multiple objects in a scene, we model classification
as a bipartite graph matching problem between K predicted
nodes {7;}X | and N ground-truth objects {g; }2_,, opti-
mizing the binary mask M € {0, 1}5*¥ to maximize the
total similarity maxpz 21[{:1 Efcvzl SiMopi (725, g&) - M .

For relation edge classification, we align edge features
e;,; with relation semantics via cross-modal scoring. Given
an edge feature e; ; between nodes 7 and j, we first encode
candidate relationship into contextual embedding e, using
a pre-trained language encoder, then project these embed-
dings to the same space as e; ; via a linear transformation
tproj = Witemb, where W; is a learnable projection matrix.
The alignment score between e; ; and the text query is com-
puted as s(e; j, tproj) = e;j’:jtpmj, which is then normalized
to a probability via sigmoid activation.

During training, we construct a balanced set of posi-
tive and negative samples, and optimize the binary cross-
entropy loss £ = —E[ylogo(s) + (1 — y)log(1l — o(s))],
where y € {0, 1} denotes the sample label. Furthermore, to
alleviate data sparsity for rare relations, we follow [3] to in-
corporate a weakly supervised learning paradigm. In detail,
relation triplets are automatically parsed from image cap-
tions using a dependency parser, then aligned with detected
objects via the bipartite matching strategy.

4. Experiments

4.1. Experimental Settings

Dataset. We use the widely used VG150 [14] dataset to
evaluate our model, which contains 150 object categories
and 50 relationship categories, with a total of 108,777 im-
ages. Of these, 70% are used for training and 30% for test-
ing. Since we use Grounding DINO [26] as the detector, to
avoid information leakage, we follow previous work [3, 47]
and exclude images used in pre-training, ultimately retain-
ing 14,700 images for testing. In weakly supervised learn-
ing stage, we use scene graph parser [32] to extract rela-
tional triples from image descriptions, thereby obtaining
44k objects and 2.5k relational pseudo-labels based on the
COCO caption training set, with a total of 117k images.
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Method Backbone Base+Novel Obj. Novel Ob;.
R@20 R@50 R@I100 R@20 R@50 R@100
IMP [41] - - 2.85 343 - 0.00 0.00
MOTIEFS [45] - - 3.35 3.86 - 0.00 0.00
VCTREE [35] - - 3.56 4.05 - 0.00 0.00
TDE [35] - - 3.50 4.07 - 0.00 0.00
VS3 [47] - 15.07 18.73 10.08 13.65
OvSGTR [3] Swin-T - 18.14 23.20 - 12.06 16.49
Ours 18.35 23.39 28.33 12.92 18.13 22.72
OvSGTR [3] Swin-B - 21.35 26.22 - 15.58 19.96
Ours 21.84 26.64 31.47 16.20 20.94 25.74
Table 1. Experimental results of OvD setting on VG test set.
Method Backbone Base+Novel Rel. Novel Rel.
R@20 R@50 R@I100 R@20 R@50 R@100

IMP [41] - - 12.56 14.65 - 0.00 0.00
MOTIES [45] - - 15.41 16.96 - 0.00 0.00
VCTREE [35] - - 15.61 17.26 - 0.00 0.00
TDE [35] - - 15.50 17.37 - 0.00 0.00
VS3 [47] - 15.60 17.30 - 0.00 0.00
OvSGTR [3] - 20.46 23.86 - 13.45 16.19
RAHP [27] Swin-T - 20.50 25.74 - 15.59 19.92
ACC [16] 17.49 23.22 27.40 12.90 17.89 21.70
Ours 20.02 26.23 30.66 16.01 21.24 25.40
OvSGTR [3] - 22.89 26.65 - 16.39 19.72
ACC [16] Swin-B 18.77 2481 29.28 14.72 20.04 24.66
Ours 21.77 28.53 32.94 18.06 23.06 27.60

Table 2. Experimental results of OvR-SGG setting on VG test set.

Metrics. Following previous work in scene graph pars-
ing [4, 21, 22, 42, 45], we adopt the popularly used met-
rics of Recall@K (K=20,50,100). Moreover, to realistically
simulate real-world scenarios, we only adopted the SG DET
protocol and abandoned the Pred Cls and SG Cls proto-
cols that use ground truth information in prediction. As in-
troduced in the method, we evaluate MoE-FD under three
settings, namely OvD-SGG, OvR-SGG, and OvD+R-SGG.
Among them, OvD-SGG and OvR-SGG include novel ob-
jects and novel categories respectively during testing, while
the OvD+R-SGG setting is more challenging, requiring the
model to predict both novel objects and relationships from
the training set during testing.

Implementation details. The proposed method is
implemented by PyTorch, trained and evaluated on 8x
NVIDIA 4090 GPUs. We initialize our model based on
pre-trained Grounding DINO with frozen visual backbone
(i.e., Swin-T or Swin-B) and text encoder (i.e., BERT-base),
while other modules are randomly initialized. In training
and testing, we set 100 object queries per image for pair-

wise relationship recognition. Following previous DETR-
like methods [26, 52], we use L1 loss and GloU loss [30] for
bounding box regression. For object or relation classifica-
tion, we use Focal Loss [24] as the contrastive loss between
prediction and language tokens. In the MoE feature decou-
pling module, based on experiments, we set 8 experts for
object decoupling and 6 experts for relationship decoupling,
while the knoweledge selecting threshold € is set to 0.7. In
addition, to enhance the interaction between object features
and relationship features, we iterated cross-attention four
times, meaning both object features and relationship fea-
tures are updated twice each. During the training stage, we
use the SGD optimizer with an initial learning rate of 0.001
and decay the learning rate by multiplying it by 0.9 after
every epoch. The momentum is set to 0.9, and the size of
the mini-batch is set to 8.

Baselines. We compare our model with several state-of-
the-art open vocabulry scene graph generation algorithms,
e.g., VS3 [47], OVSGTR [3], and ACC [16]. In addition, we
also compared some classic close-set scene graph genera-
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Joint Base+Novel Novel Obj. Novel Rel.
Method Backbone
R@20 R@50 R@100 R@20 R@50 R@100 R@20 R@50 R@100
IMP [41] - - 0.77 0.94 - 0.00 0.00 - 0.00 0.00
MOTIFS [45] - - 1.00 1.12 - 0.00 0.00 - 0.00 0.00
VCTREE [35] - - 1.04 1.17 - 0.00 0.00 - 0.00 0.00
TDE [35] - - 1.00 1.15 - 0.00 0.00 - 0.00 0.00
VS? [47] - 5.88 7.20 - 0.00 0.00 - 0.00 0.00
OvSGTR [3] Swim -T 10.02 13.50 1637 1056 1432 1748 7.09 9.19 11.18
ACC[16] 12.61 1743 2127 1248 17.16 21.10 1138 1590 19.46
Ours 14.88 2090 2524 14.88 20.78 24.74 1449 19.14 2342
OvSGTR [3] 12.37 17.00 21.03 12.63 17.58 21.70 10.56 14.62 1822
ACC [16] Swim-B 13.50 18.88 23.19 1346 1884 2329 1237 1750 21.73
Ours 1735 23.15 2697 1699 23.01 26.64 16.61 2090 24.19
Table 3. Experimental results of OvD+R-SGG setting on VG test set.

Method Backbone Grounding R@20 R@50 R@100

LSWS [44] - - - 3.28 3.69

MOTIFS [45] - Li et al. [20] 5.02 6.40 7.33

Uniter [2] - SGNS [49] - 5.80 6.70

Uniter [2] - Li et al. [20] 5.42 6.74 7.62

VS3 [47] GLIP-L [17] 5.59 7.30 8.62

OvSGTR [3] Swin-T Grounding DINO [26] 6.61 8.92 10.90

ACC [16] Grounding DINO [26] 7.86 10.81 13.31

Ours Grounding DINO[26] 8.56 11.63 14.41

OvSGTR [3] Grounding DINOJ[26] 6.88 9.30 11.48

ACC Swin-B Grounding DINO[26] 8.28 11.61 14.33

Ours Grounding DINO[26] 9.14 12.41 16.40

Table 4. Comparison with pre-training methods. All models are pre-trained on image-caption data and tested on VG150 test set directly.
Our models trained on COCO captions are used as pre-trained models for OvD+R-SGG settings.

tion methods (e.g., IMP [41], MOTIFS [45], VCTREE [34],
and TDE [35]) to demonstrate the superiority of the open
vocabulary methods in novel class prediction.

4.2. Comparision with State-of-the Art

OvD-SGG Setting. Following the previous work [3, 47],
we select 70% object categories in VG150 as base classes
and the remaining 30% as novel classes, where the training
set contains 50,107 images after excluding novel objects.
We report the performance of OvD-SGG on “Base+Novel”
and “Novel” in Table 1. It can be observed that the pro-
posed MoE-FD significantly outperforms previous meth-
ods, especially in the recognition of novel classes. Com-
pared with OvSGTR, MoE-FD achieves an improvement
of 5.36%/5.78% on R@50/R@100. We attribute this im-
provement to that the proposed object feature decoupling
and refinement effectively enhance the discriminative abil-
ity of our model.

OvVR-SGG Setting. Similar to OvD-SGG, we remove
images containing novel relation categories from the train-

ing set and report the performance of OvR-SGG in Table 2.
It can be observed that our model significantly outperforms
previous methods, which proves that our method effectively
captures the discriminative features of relationships. Mean-
while, it can be found that the performance difference when
using different backbones is smaller than that in OvD-SGG.
We attribute this to the fact that the OvR-SGG setup has
less impact on object classification, and more accurate ob-
ject classification obviously provides help for SGG.

OvD+R-SGG Setting. In this setup, we train the model
using the base classes of OvD-SGG and OvR-SGG. Ulti-
mately, the number of available training images in VG150
is 36,425. As shown in Table 3, our model outperforms pre-
vious methods in all three items (Joint Base+novel, Novel
Obj., and Novel Rel.), especially in relationship classifica-
tion, where it outperforms ACC by 4.24% (R@20-Novel
Rel.). Moreover, we also the pre-training performance of
MoE-FD. As shown in Table 4, with feature decoupling,
MOoE-FD consistently outperforms other methods, which
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Joint Base+Novel

Novel Ob;. Novel Rel.

FD(Obj) FD(Rel) IFR
R@20 R@50 R@100 R@20 R@50 R@100 R@20 R@50 R@100
v v 1609 2191 2558 1548 21.60 2551 1521 1942  22.65
v v 1572 2117 2515 1524 2139 2512 1493 19.14 2251
v v 17.03 2270 2666 1631 2261 2622 1598 2062  23.76
v v v 1735 2315 2697 1699 2301 2664 1661 2090 24.19

Table 5. Experimental results of ablation feature decoupling experts of object (FD(Obj)), relationship (FD(Rel)), and iterative feature

refinement(IFR) module.
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Figure 3. Visualized activation of relation/object experts.

demonstrates the effective generalization of our proposed
MOoE-FD in a fully open vocabulary setting.

4.3. Ablation Study

To demonstrate the effectiveness of each component, we
further conducted ablation experiments as follows:

Impact of Feature Decoupling via MoE. To demon-
strate the effectiveness of our proposed feature decoupling
method, we evaluated the performance of MoE-FD after re-
moving object/relationship feature decoupling MoE mod-
ule. As shown in Table 5, the performance of MoE-FD sig-
nificantly decreases when either obj.fd or rel.fd is removed,
with a more pronounced decline observed when obj.fd is re-
moved. We attribute this to the fact that the accuracy of ob-
ject classification greatly influences relationship classifica-
tion, which has also been mentioned in previous work [45].

Impact of Iterative Feature Refinement. To evalu-
ate the impact of the Iterative Feature Refinement mod-
ule on model performance, we also conducted experiments.
As shown in Table 5, removing this module impaired the
model’s performance, which demonstrates that the interac-
tion between object and relationship features is necessary
for scene graph generation.

Impact of number of experts To show the impact of
different numbers of experts on model performance, Fig-
ure 4 reports the performance variations of MoE-FD as the
number of object/relationship experts changes. It can be
observed that MoE-FD achieves the best performance when
the number of object experts is 8 and the number of rela-
tionship experts is 6.

Impact of each expert To verify that different relation-
ship/object experts are indeed effective in feature decom-
position, we present the weight activations of different ex-
perts across several category samples in Figure 3. It can be
observed that when processing different relationship/object
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Figure 4. Experimental results of different numbers of feature de-
coupling experts and value of € on OvD+R-R @20 setting.

categories, the knowledge-guided routing network exhibits
significant differences in the activation of experts.

Impact of knowledge selection threshold ¢ We tested
the influence of different € values on model performance, as
shown in Figure 4, where MoE-FD achieves the best perfor-
mance when € = (.7.

4.4. Discussion and Future Work

Although our proposed MoE-FD has significantly outper-
formed previous state-of-the-art methods, we have iden-
tified limitations in its design. Since the number of ob-
ject queries and experts is fixed, MoE-FD may struggle to
adapt to scenarios with a broader range of novel categories.
Therefore, in future work, we plan to introduce learnable
expert controllers. For example, selecting expert subsets
via reinforcement learning methods or leveraging large lan-
guage models to guide the dynamic selection of experts.

5. Conslusion

In this work, we propose a MoE-based feature decoupling
approach, MoE-FD, specifically designed for OVSGG,
which includes two key main components, i.e., feature de-
coupling and iterative feature refinement. The proposed
MoE-FD employs a set of specialized experts to extract
and dynamically enhance the critical details in visual fea-
tures via a gating network, and conduct adaptive interaction
among object nodes and relational edges through iterative
cross-attention mechanisms. We conduct comprehensive
empirical experiments to show that the proposed method
significantly outperforms existing SOTA methods, and sys-
tematic ablation studies further demonstrate that each core
component within MoE-FD contributes substantially to its
effectiveness.
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