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Frequency-Aware Elastic Prototype Boundary
Learning for Long-Tailed Scene Graph Generation

Abstract

Scene graph generation (SGG) addresses the task of detecting objects in an
image and predicting the relationships among them. Although prototype-based
methods have recently achieved clear progress on long-tailed SGG, fine-grained
low-frequency predicates remain difficult to recognize because their relation
features often exhibit larger intra-class variation and more dispersed distribu-
tions, making them easily confused with semantically similar high-frequency
coarse-grained predicates under a unified prototype-matching rule. To alleviate
this issue, we propose a frequency-aware elastic prototype boundary learning
framework, termed SGE-Net. Under fixed relation prototypes, the framework
learns relation-category-specific boundary scales through explicit frequency com-
pensation and frequency-adaptive virtual sampling, so that relation prediction
can exploit not only prototype-center matching but also category-dependent
decision-boundary information. During inference, we further introduce elastic
boundary-aware distance calibration, enabling the boundary information learned
during training to better distinguish relation categories that are easily confused
under prototype matching. In addition, we combine visual and semantic fea-
tures with dynamic gating to provide more reliable relation features for the
above boundary learning. Experiments and analyses on Visual Genome and Open
Images V6 demonstrate that the proposed method achieves consistent gains in
both long-tailed relation prediction and overall evaluation metrics.

Keywords: scene graph generation; long-tailed relation prediction; prototype
boundary learning; visual-semantic fusion; elastic boundary-aware distance calibration

1 Introduction

Visual scenes in the real world contain rich spatial and semantic interactions. For tasks
such as embodied intelligence (Wu et al. 2024), vision-language understanding (Bordes
et al. 2024), and autonomous driving (Sun et al. 2025), recognizing objects alone
is usually insufficient; one must further reason about the relationships among them.
Scene graph generation (SGG) (Johnson et al. 2015) provides an effective way to
represent objects and relations in a structured form for complex scene understanding.
It treats objects as nodes and relations as edges, converting an image into a structured
semantic graph, and has shown substantial value in image captioning (Yuan et al.



2022; Zeng et al. 2022), visual question answering (Guo et al. 2021; Hildebrandt et al.
2020; Zeng et al. 2022), image retrieval (Guo et al. 2021; Sudhakaran et al. 2023;
Touvron et al. 2023), and robotic vision and interaction (Liu et al. 2023, 2024; Singh
et al. 2023).

Most early studies (Chen et al. 2019; Lin et al. 2020) directly predicted rela-
tions based on detected objects and their pairwise combinations. These methods
established the basic paradigm of SGG, but limited relation modeling often leads
to unstable predictions when visual ambiguity is pronounced. To alleviate this issue,
later works emphasized contextual dependencies among objects and explicitly modeled
interactions through message passing (Xu et al. 2017), sequential modeling (Zellers
et al. 2018), and self-attention mechanisms (Cong et al. 2023; Li et al. 2024),
thereby producing more discriminative relation representations. However, under long-
tailed distributions, tail predicates remain difficult to recognize because they are
not only sensitive to appearance variations but also easily confused with semanti-
cally similar high-frequency predicates. Building on this line, recent prototype-based
methods (Zheng et al. 2023) further reformulate relation prediction as alignment
and matching between relation features and semantic prototypes, offering a new
perspective for mitigating appearance diversity.

Nevertheless, this paradigm (Zheng et al. 2023) still has difficulty distinguishing
fine-grained low-frequency predicates from coarse-grained high-frequency predicates.
Subsequent studies extended prototype-space modeling from multiple perspectives,
including multi-prototype representations (Chen et al. 2024), distribution modeling (Li
et al. 2025), and multimodal enhancement (Yang et al. 2026). Although these methods
improve the expressiveness of the prototype space, they leave a key question underex-
plored: under severe long-tailed distributions, high-frequency coarse-grained predicates
can dominate local matching decisions, whereas low-frequency fine-grained predicates
often exhibit more dispersed visual features. Consequently, fine-grained relations with
inadequately clustered visual features are easily confused with nearby high-frequency
prototypes. To alleviate this issue, should the effective decision region around each
prototype adaptively adjust its tolerance margin according to predicate frequency?
As shown in Fig. 1(a), the predicates in Visual Genome exhibit a pronounced long-
tailed distribution, and the frequency gaps among on, walking on, and painted on are
especially representative. Furthermore, as illustrated in Fig. 1(b)(c), these fine-grained
low-frequency relations exhibit larger feature dispersion because of limited training
samples. Since they are strongly related to the high-frequency predicate on, their scat-
tered relation features are more likely to fall within the dominant decision region of
on in the prototype space and are therefore more easily predicted as the coarse high-
frequency relation under existing prototype-matching frameworks. This suggests that
the key challenge in long-tailed relation prediction lies not only in whether prototype
centers are separable, but also in whether a frequency-aware tolerance margin can be
established for low-frequency categories.

Based on these observations, we propose a frequency-aware elastic prototype
boundary learning framework, named SGE-Net. Unlike existing methods that mainly
focus on the separability of prototype centers, our framework further emphasizes
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Fig. 1 Motivation of SGE-Net. (a) Predicates in Visual Genome exhibit a pronounced long-tailed
distribution, with substantial frequency gaps between high-frequency coarse-grained relations and
low-frequency fine-grained relations. (b) Taking on, walking on, and painted on as examples, fine-
grained low-frequency relations differ semantically but their relation features tend to lie near the
high-frequency coarse-grained relation on in feature space. (c¢) Under existing prototype-matching
frameworks, these ambiguous relation features are therefore more likely to be predicted as the
high-frequency coarse-grained relation on. (d) Based on fixed relation prototypes, SGE-Net learns
frequency-aware elastic boundaries to provide larger tolerance margins for low-frequency categories,
which empirically helps accommodate their dispersed feature space during matching.

relation-category decision boundaries around fixed relation prototypes, extending long-
tailed relation prediction from prototype-center matching alone to joint modeling
with boundary information. Specifically, under fixed relation prototypes, we learn
relation-category-specific boundary scales through explicit frequency compensation
and frequency-adaptive virtual sampling, allocating larger elastic boundaries to low-
frequency predicates to better accommodate their higher feature variation. During
inference, we further introduce elastic boundary-aware distance calibration, which
acts as a category-level distance adjustment derived from the learned boundary scale.
In addition, we combine visual and semantic features with dynamic gating to con-
struct more reliable relation features, thereby forming a more stable feature space for
prototype matching and subsequent boundary learning. As shown in Fig. 1(d), this
frequency-aware tolerance mechanism provides an interpretable way to incorporate
boundary information into prototype matching.
The primary contributions of this study are as follows:



o We develop a frequency-aware elastic prototype boundary learning framework,
termed SGE-Net, for long-tailed scene graph generation. To alleviate the confusion
between fine-grained low-frequency relations and semantically similar high-frequency
relations, the framework learns relation-category-specific boundary scales under fixed
relation prototypes through explicit frequency compensation and frequency-adaptive
virtual sampling, while combining visual and semantic features with dynamic gating
to provide more reliable relation features for boundary learning.

e We propose an elastic boundary-aware distance calibration strategy that exploits
the boundary information learned during training at inference time to better distin-
guish relation categories that are easily confused under prototype matching, further
improving fine-grained relation discrimination.

o We evaluate the proposed method on Visual Genome and Open Images V6. The
experimental results indicate that it achieves consistent gains in both long-tailed
relation recognition and overall evaluation metrics.

2 Related Work

2.1 Scene Graph Generation and Long-Tailed Relation
Prediction

Scene graph generation is concerned with identifying entities in an image and rea-
soning about the relations among them. Earlier studies (Chen et al. 2019; Lin et al.
2020) directly predicted relations from detected object pairs and established the basic
SGG paradigm. However, these methods model inter-entity dependencies only weakly,
so their predictions are often unstable when relation reasoning depends on broader
contextual cues or severe visual ambiguity. To address this limitation, later works
placed more emphasis on contextual modeling. IMP (Xu et al. 2017) explicitly mod-
els information exchange between objects and relations through iterative message
passing. Motifs (Zellers et al. 2018) captures stable statistical co-occurrence patterns
among objects with sequential modeling, thereby enhancing global relation reasoning.
VCTree (Tang et al. 2019) organizes object relations using dynamic tree structures
to model hierarchical contextual dependencies more effectively. SGTR (Li et al. 2024)
and RelTR (Cong et al. 2023) employ self-attention to model global relations in
parallel, improving relation inference in complex scenes. Overall, these methods sub-
stantially strengthen relation representation and reasoning, but tail predicates remain
difficult to recognize under long-tailed distributions and are still easily confused with
high-frequency predicates.

To address long-tailed bias, existing studies mainly proceed from two directions.
One line of work alleviates head-tail imbalance by adjusting the training distribution.
For example, NICE (Li et al. 2022) cleans noisy annotations to improve the quality of
long-tailed supervision; BGNN (Li et al. 2021) combines image-level and instance-level
resampling to increase the learning opportunities of tail predicates; CogTree (Yu et al.
2021) reorganizes predicate relations with a cognitive hierarchy so that tail predicates
receive more attention during training; and SQUAT (Jung et al. 2023) dynamically
adjusts loss weights to weaken the dominance of high-frequency predicates. Another
line operates at inference time to correct the model bias toward frequent predicates.



TDE (Tang et al. 2020) separates contextual bias from genuine relation cues through
counterfactual causal inference; DLFE (Chiou et al. 2021) treats missing annotations
as a positive-unlabeled learning problem to recover more stable prediction probabili-
ties. These studies suggest that the difficulty of long-tailed SGG is not solely caused
by sample imbalance, but is also closely related to visual ambiguity, semantic over-
lap, and confusion among fine-grained relations. In general, however, these methods
mainly mitigate long-tailed bias through distribution adjustment or inference correc-
tion, while discussion of how relation-category decision boundaries in prototype space
should vary with frequency remains limited. Motivated by this gap, we further study
boundary learning around fixed relation prototypes.

2.2 Prototype-Based Relation Modeling

Recent studies have begun to model relation representations with semantic prototypes,
reformulating relation prediction as alignment and matching between relation features
and prototypes. PE-Net (Zheng et al. 2023) introduces semantic prototypes to reduce
the interference caused by diverse object appearances and to improve the separability
of relation representations, thereby opening a new direction for long-tailed relation
prediction. Subsequent studies have extended prototype-space modeling from several
perspectives. MPL (Chen et al. 2024) constructs multiple sub-prototypes for the same
predicate to alleviate semantic overlap across different object combinations. DPL (Li
et al. 2025) models prototype uncertainty through distributions, improving adaptabil-
ity to complex semantic variation. SPLN (Zhang et al. 2024) introduces language priors
to describe semantic space from multiple views, compensating for the limitations of
a single prototype. FAPL (Xie et al. 2026) adjusts prototype learning according to
frequency, mitigating the imbalance in learning intensity across predicates. Although
these methods improve the expressiveness of prototype space, they still underexplore
how the decision boundaries around prototypes should adapt to predicates with dif-
ferent frequencies. For fine-grained low-frequency predicates, relation features can still
remain closer to coarse-grained high-frequency predicates even after being projected
into prototype space, which leads to incorrect matching. Unlike these methods, which
primarily strengthen prototype representations themselves, we further focus on how
the decision boundary around fixed relation prototypes should be adjusted according
to relation frequency, so that prototype learning concerns not only prototype centers
but also the way their decision boundaries vary with predicate frequency.

2.3 Multimodal Relation Feature Learning

Reliable relation features are the basis of relation prediction. Accordingly, prior stud-
ies have introduced semantic priors and multimodal auxiliary information to improve
relation modeling in complex scenes. MAAL-MLF (Yang et al. 2026) enhances relation
representations with geometry-aware cues to address the weakness of pure appearance
features for fine-grained interaction modeling. SDSGG (Chen et al. 2024) uses large
language models to generate scene-related relation descriptions, providing additional
semantic priors for relation prediction. 3DGraphLLM (Zemskova and Yudin 2025)



combines semantic graphs with large language models to enhance structured under-
standing in complex environments. These studies suggest that multimodal information
can effectively enrich relation features. In contrast, SGE-Net integrates visual-
semantic relation representation with frequency-aware prototype-boundary learning,
so that multimodal cues provide a more stable feature basis for subsequent boundary
estimation.

3 Method
3.1 Problem Definition

Scene graph generation (SGG) aims to transform a visual input into a graph-structured
semantic representation. Given an image I, the problem can be viewed as two closely
related subtasks: identifying the entity set E = {ej,es,...,e,} in the image, where
en denotes the n-th entity, and predicting the relation set R among these entities.
Here, R consists of relation triplets r;_,;, where r;_,; denotes the predicate defined
over the directed subject-object pair (4,7). The generation of a scene graph G can be
decomposed as

P(G|I)=P(B,C|I)-P(R|B,C,I) (1)
where B denotes the set of detected object boxes in the image, and C =
{c1,¢a,...,cn} denotes the corresponding entity categories. The term P (B,C' | I) cor-
responds to object detection, while P (R | B, C,I) corresponds to relation prediction.
The object detection stage is handled by a pre-trained Faster R-CNN. This study
mainly focuses on the second component, namely, learning relation representations,
prototype structures, and decision boundaries that are more suitable for long-tailed
relation prediction given the detected entities.

3.2 Overall Architecture

As shown in Fig. 2, SGE-Net is built upon relation prototypes and feature-space
construction, and further focuses on the decision boundaries of different relation cat-
egories in feature space. Specifically, we first establish stable correspondence between
relation features and relation prototypes, and then refine the decision boundaries of
different relation categories on top of this basis. Guided by this objective, the overall
framework is designed as a two-stage architecture.

The upper part of Fig. 2 corresponds to Stage 1. In this stage, subject-object union
visual features and pre-constructed relation-predicate semantic features are jointly
used as input, and visual-semantic relation features are obtained through cross-modal
interaction, as illustrated in Fig. 2(a). These features are then combined with the basic
relation feature derived from subject and object features under a dynamic gate, as
shown in Fig. 2(b), yielding a more stable relation representation. On top of this rep-
resentation, Stage 1 further forms a feature space suitable for prototype matching, so
that relation features and relation prototypes establish clearer initial correspondence,
thereby providing a reliable basis for boundary learning in Stage 2 under fixed relation
prototypes.
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Fig. 2 Overall architecture of SGE-Net. The framework consists of two stages. In Stage 1, cross-
modal interaction between subject-object union visual features and relation-predicate semantic
features, together with subject/object features and dynamic gating, is used to construct relation rep-
resentations and form a feature space suitable for prototype matching. In Stage 2, based on fixed
relation prototypes, frequency-adaptive virtual sampling and explicit frequency compensation are
used to learn relation-category-specific decision boundaries, and the learned boundary scale is further
exploited during inference for elastic boundary-aware distance calibration.

The lower part of Fig. 2 corresponds to Stage 2. Within the feature space
constructed in Stage 1, we fix the relation prototypes and learn relation-category-
specific boundary scales through frequency-adaptive sampling, as shown in Fig. 2(c),
and explicit frequency compensation, so that relation categories with different fre-
quencies can obtain more suitable decision boundaries within the same prototype
space. The corresponding elastic prototype boundary learning process is illustrated
in Fig. 2(d). During inference, the learned boundary information is further used for
elastic boundary-aware distance calibration, enabling the boundary knowledge formed
during training to directly affect relation prediction at test time.



Table 1 Prompt template and structured output example used to construct relation-predicate
semantic features. The left side shows the input prompt, and the right side shows the structured
output for the target predicate generated offline by Qwen3-14B.

Input

Output

Input Template

Instruction: Analyze the target predi-
cate with the given object vocabulary.
Provide three sections: Strong Visual
Example, Strong Spatial Example,
and Rare/Uncommon Example. Each
section should contain one triplet (Sub-
ject, Predicate, Object) and three descrip-
tions: [Visual Cues], [Spatial Logic], and
[Physical Commonsense].

Constraints: Objects must be selected
from the VG vocabulary, and the response
must be written in English.

In-context Example: Predicate: riding
e (person, riding, horse)

e (person, riding, bike)

e (dog, riding, surfboard)

Target Predicate: hanging from

Structured Output

Strong Visual Example: (person, hang-
ing from, branch)

[Visual Cues| Arms extended to grasp the
branch; body suspended below it.

[Spatial Logic] The subject is below the
object and aligned with the support point.
[Physical Commonsense]| Grip and fric-
tion support the hanging state.

Strong Spatial Example: (lamp, hanging
from, ceiling)

[Visual Cues] The lamp is suspended by
a cable or chain with the base facing down-
ward.

[Spatial Logic] The object is vertically
attached to an overhead support.
[Physical Commonsense] Suspension is
maintained by tensile support from above.

Rare/Uncommon Example: (bag, hang-
ing from, handle)

[Visual Cues] The bag hangs from the
handle and may tilt slightly.

[Spatial Logic] The handle serves as the
support point and the bag remains below it.
[Physical Commonsense] The handle
bears the load and maintains balance.

3.3 Multimodal Relation Feature Construction

As shown in the upper part of Fig. 2, Stage 1 focuses on constructing multimodal rela-
tion features. Its goal is not to directly learn relation-category decision boundaries, but
to obtain more stable and more discriminative relation representations through cross-
modal feature interaction and adaptive fusion, while jointly aligning them with relation
prototypes to support the formation and refinement of feature space during training.
In this way, Stage 1 both constructs and optimizes multimodal relation features, and
provides the basis for subsequent prototype-space construction and frequency-aware
boundary learning under fixed relation prototypes in Stage 2. The construction of
relation-predicate semantic features is illustrated in Table 1, and the internal feature
interaction and relation-feature formation in Stage 1 are shown in Fig. 3(a)—(c).
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relation feature from subject/object information and its adaptive fusion with the visual-semantic fea-
ture.

3.3.1 Visual-Semantic Feature Fusion

Table 1 shows how relation-predicate semantic features are constructed. The input side
contains task instructions, constraints, in-context examples, and the target predicate,
while the output side contains a structured description generated offline by Qwen3-
14B around the target predicate. Based on these structured descriptions, we build
an offline predicate-semantic library Sy = [so,...,sn] € RWVADXd ysing a frozen
text encoder, where s; denotes the semantic description vector of the j-th predicate
category. This semantic library is generated once before model training and kept fixed
thereafter. During both training and inference, a subject-object pair never directly
uses the ground-truth predicate embedding. Instead, its union-region visual feature
queries the entire predicate-semantic library to obtain an instance-adaptive semantic
summary, which avoids label leakage while still injecting predicate-level semantic priors
into the relation representation.

After obtaining the predicate-semantic library, we further fuse it with the subject-
object union visual features, as shown in Fig. 3(a), to construct a visual-semantic
relation feature. For a given subject-object pair, we use Faster R-CNN to extract the
union-region visual feature and denote it by wu;;. We then map the visual feature and
the predicate-semantic library into a unified representation space:



VZ'J = MLP, (ui;), S} = MLP; (Sy) (2)
where u;; denotes the subject-object union visual feature, Sy denotes the predicate-
semantic library, and V;'] and S} are the projected visual and semantic features,
respectively. This step provides a common representational basis for subsequent
instance-level semantic retrieval and cross-modal interaction.
The current subject-object pair then retrieves an instance-adaptive semantic
summary from the entire predicate-semantic library:

wiv) (wisy)'
7 :

where a;; denotes the retrieval weights over all predicate categories, S’ij denotes the
retrieved semantic summary for the current pair, and W, Wy, and W, are learnable
projection matrices. This retrieval step ensures that the semantic cue used by the
current pair is inferred from the whole predicate inventory rather than injected from
the target label.

With VZ’J and S;;, we perform bidirectional fusion by treating visual and retrieved
semantic features as two complementary sources:

a;; = Softmax

Sij = U4y (WUS}) (3)

¥i b
fsv =S54 (SZ]) &) CA (Sij, V;Ij) y (4)
Vi = Linear (FFN (fys) ® FFN (fsv)) -
where SA(-) and CA(-, ) represent self-attention and cross-attention, respectively,
FFN(.) is a feed-forward network, Linear(-) denotes a linear projection, and V7 is the
resulting visual-semantic feature. This process preserves intra-modal structure while
introducing bidirectional cross-modal interaction, allowing visual context and retrieved
predicate semantics to complement each other within a unified representation. The
resulting feature then serves as the basis for constructing a relation feature together
with local subject and object information.

3.3.2 Dynamic-Gated Relation Construction

As shown in Fig. 3(b)(c), after obtaining the visual-semantic feature, we further incor-
porate subject-object information to construct a relation feature and use dynamic
gating to adapt the contribution of semantic priors to each instance. Given the sub-
ject and object, we build their features from label word embeddings and ROI features.
For the subject branch, we first generate a gate weight from the semantic and visual
inputs:

gs = o (Linear ([Linear (ts), Vs])) (5)
where ts and V; represent the subject word embedding and subject visual feature,
respectively, [, -] indicates concatenation, and o(+) is the Sigmoid activation function.

gs is the gate weight for the subject branch, controlling the contribution of visual cues
to the current entity feature.
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Accordingly, the semantic and gated visual information of the subject are fused as

s = Linear (t5) ® (9s @ V) (6)
where ® and @ stand for element-wise multiplication and element-wise addition,
respectively, and s is the fused subject feature. This formulation combines subject
semantics with gated visual evidence, allowing the entity feature to retain both
category semantics and visual cues.
The object feature o is obtained in the same way. Once both subject and object
features are available, we follow PE-Net (Zheng et al. 2023) and use a nonlinear
composition function to form the basic relation feature of the entity pair:

P =ReLU (s +0) — (s — o)’ (7)

where o is the object feature and P represents the basic relation feature jointly

formed from the subject and object. This feature reflects the local relational context

of the current entity pair. A similar nonlinear composition strategy was also adopted
in earlier work (Zhang et al. 2018).

However, P is derived from the entity-pair composition, whereas V; comes from
visual-semantic interaction over the union region. Their sources and distributions are
therefore not fully aligned. If these two types of features are directly used to estimate
the gate coefficient, the estimation can be affected by feature-scale mismatch. We thus
project both the basic relation feature and the visual-semantic feature into a unified
space before computing the dynamic gate:

P"=MLP (P), Vit = MLP (Vy) (8)
where P™ and Vf” denote the projected basic relation feature and projected visual-
semantic feature, respectively. This step allows the two features to be compared and
combined in a more consistent representational space.
The two projected features are then concatenated to characterize the matching
state between the current relational context and the visual-semantic information, from
which the dynamic gate coefficient is generated:

g = o (Linear ([P",V}])) (9)
where g,; denotes the dynamic gate weight for the visual-semantic feature. This
weight varies with the current entity-pair context and is used to regulate the actual
contribution of the semantic prior to different instances.
Finally, the visual-semantic feature is adaptively fused into the basic relation
feature according to the current relation context:

My = P& (gu®Vf) (10)

where My denotes the final multimodal relation feature. Unlike direct addition or

fixed-weight fusion, this formulation can adapt the contribution of the semantic prior

to the current visual context, thereby reducing the interference of irrelevant semantics.

The resulting relation feature serves as the input to subsequent prototype alignment
and boundary learning.

11



3.4 Prototype Space Construction, Elastic Boundary Learning,
and Elastic Boundary-Aware Distance Calibration

As shown in Fig. 2, multimodal fusion and dynamic gating first produce a rel-
atively stable multimodal relation feature My. On this basis, we focus on the
following question: how can different relation categories form decision boundaries in
feature space that are compatible with their frequency distributions? Under long-
tailed settings, relation categories differ substantially in sample frequency, semantic
granularity, and feature distribution. If a unified prototype-matching criterion is
still adopted, fine-grained low-frequency relations remain prone to confusion with
semantically similar high-frequency relations. To alleviate this issue, we design three
progressive components: prototype-space construction, elastic boundary learning, and
elastic boundary-aware distance calibration. Specifically, Stage 1 jointly constrains
relation features and relation prototypes to construct and refine feature space, grad-
ually strengthening the correspondence between relation features and their target
prototypes; Stage 2 learns frequency-aware elastic boundaries under fixed relation pro-
totypes, so that different relation categories can obtain decision boundaries compatible
with their distributions; and during inference, the learned boundary information is
used for elastic boundary-aware distance calibration, allowing relation-category deci-
sion boundaries to contribute at test time and provide clearer evidence for fine-grained
low-frequency relations. We explain these three components in the following.

3.4.1 Stage 1: Prototype Space Construction

After obtaining the multimodal relation feature My, the model must first establish a
sufficiently discriminative prototype space. To this end, we construct and refine the
feature space through joint constraints between relation features and relation proto-
types 7p, where relation prototypes are obtained by projecting GloVe embeddings of
relation words through an MLP. This process strengthens the correspondence between
relation features and their target prototypes while keeping different prototypes suffi-
ciently separated, thus improving the overall separability of prototype space. After this
stage, relation prototypes can serve as stable semantic anchors in the unified feature
space, providing reliable references for frequency-aware relation-category boundary
learning under fixed relation prototypes in Stage 2.

Directional Alignment. We first align the direction of a relation feature with
its target prototype using cosine similarity:

exp ((My,73,) /7)
Z;V:O exp (<Mf,?g,> /T)

where ® denotes vector normalization, (-,-) denotes inner product, ¢ is the ground-
truth category index, and 7 is the temperature parameter. This term enforces
directional consistency between the relation feature and the target prototype. Direc-
tional similarity alone is insufficient for a stable prototype space, so we additionally
impose intra-class compactness and inter-class separation in Fuclidean space. The
squared Euclidean distance from the relation feature to each prototype is defined as

Le sim = —log (11)
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9 = [M; =il (12

where g; denotes the squared Euclidean distance from relation feature M to the

j-th prototype 7’{;. It reflects the absolute proximity of the current sample to each
prototype in prototype space.

We further distinguish the target prototype from its closest non-target prototypes
so that intra-class aggregation and inter-class separation can be jointly described. Let
the target-prototype distance be g = gy, and let g~ be the average of the k; smallest
negative distances after sorting:

1 klfl
=Y (13)
=0

where b; denotes the j-th element in the sorted set of negative distances, and k1 is
the number of nearest negative prototypes used in the computation. g~ characterizes
the average distance between the current sample and its closest non-target prototypes.
The FEuclidean feature-alignment loss is then written as

Le,euc = max (ngJr -9 + 71) (14)
where g7 = g; refers to the distance to the target prototype, and 71 is the margin
parameter. This term encourages the relation feature to remain close to its target
prototype and stay separated from nearby non-target prototypes in Euclidean space.
Euclidean and Cosine Separation. Besides constraining sample features
against their target prototypes, we also expect the prototypes themselves to remain
distinguishable. We thus introduce cosine and Euclidean separation constraints among
prototypes. Let the prototype similarity matrix be

S=T, R, = (si;) € RVHDX(N+D) (15)

where Ep denotes the normalized prototype matrix and s;; is the cosine similarity
between the i-th and j-th prototypes. This matrix describes the overall correlation
among prototypes in semantic space.

If some prototypes remain overly close in semantic space, subsequent boundary
learning will be built upon an entangled prototype structure. We therefore regularize
only the off-diagonal similarities by

N

N
1 2
Ly sim = NN +1) Z Z Sij (16)
1=0 5=0
J#i
This term suppresses overlap among different relation prototypes in semantic space
without penalizing the trivial self-similarity on the diagonal.
To further constrain prototype distribution from the distance perspective, we define
the Euclidean distance between prototypes as

S (17)
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where d;; denotes the squared Euclidean distance between prototype ¢ and
prototype j. This quantity further measures prototype separation in Euclidean space.

We are particularly concerned with the prototype neighborhoods that are easiest to
confuse. We therefore compute the mean of the nearest ko distances for each prototype,
denoted by d~:

N ko
d- = S Z > d (18)
i=0 j=1
where dgj denotes the sorted prototype distances and ko denotes the number of
nearest other-class prototypes considered for each prototype. d~ reflects the part of
prototype distance relations that is most prone to confusion.
The corresponding Euclidean separation constraint is then given by

ﬁT,euc = max (07 —d~ + ’72) (19)
where 79 is the prototype-separation margin. This term promotes adequate
separation among different relation prototypes in Euclidean space.
Combining the above constraints, the total Stage-1 loss is

Lstagel = Ee,sim + Ee,euc + ‘Cr,sim + Er,euc (20)

where the first two terms enforce directional alignment and distance constraints
between relation features and target prototypes, while the latter two reduce semantic
overlap among prototypes and enlarge Euclidean separation. Together, they align rela-
tion features with relation prototypes and form the prototype-matching space required
for subsequent boundary learning.

After Stage 1 is completed, the learned relation prototypes are fixed and used as
static anchors for Stage-2 boundary learning.

3.4.2 Stage 2: Frequency-Aware Elastic Boundary Learning

As shown in the lower part of Fig. 2, after Stage 1 constructs the prototype space, rela-
tion features and relation prototypes have established relatively stable correspondence,
and the fixed relation prototypes provide reliable references for subsequent boundary
learning. On this basis, Stage 2 no longer aims to continue adjusting prototype centers;
instead, it learns decision boundaries around these fixed relation prototypes according
to category frequency. Specifically, we generate virtual samples around fixed relation
prototypes through implicit adaptive virtual sampling and adjust boundary ranges via
explicit frequency compensation, so that relation categories with different frequencies
can form more appropriate decision boundaries within a unified feature space.

As shown in Fig. 2(c), Stage 2 first allocates virtual sampling scales according to
relation-category frequency. The “Sample Count” module denotes the procedure that
determines the virtual sampling budget for each relation category around its fixed rela-
tion prototype, and its result for the j-th relation category is denoted by @, i.e., the
number of virtual samples assigned to category j. As shown in Fig. 1(a), head and tail
relations often differ by orders of magnitude in occurrence frequency; for example, the
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high-frequency relation on differs by more than two orders of magnitude from the low-
frequency relations walking on and painted on. If a uniform sampling scale is adopted,
the variation around high-frequency prototypes cannot be sufficiently covered; if sam-
pling points are allocated directly according to raw counts, sampling becomes overly
biased toward head categories. We therefore determine sampling scales according to
logarithmic frequency, which preserves frequency differences while yielding smoother
sampling allocation. We first compute the mean logarithmic frequency of all relation
categories:

N
1
Hlog = ijOlngj (21)

where f; denotes the occurrence frequency of the j-th relation category in the train-
ing set, and pujoe denotes the mean logarithmic frequency over all relation categories.
This quantity provides a unified normalization reference for sampling-scale allocation.

Based on this, the number of virtual samples assigned to relation category j is
defined as

Qj = max (17 Round (Ing] X Qbase)) (22)

Hlog

where Qpase is the base sample count and Round(-) denotes the rounding opera-
tion. This formulation gives high-frequency relations denser sampling coverage around
fixed relation prototypes while retaining essential sampling budget for low-frequency
relations, thereby providing a more balanced virtual-sample distribution for boundary
learning.

Determining only the number of sampling points is not enough to characterize
the decision boundaries of different relation categories. Low-frequency fine-grained
relations often exhibit less compact visual representations (i.e., larger intra-class
variation). Therefore, instead of assigning a uniformly narrow semantic boundary,
we introduce a larger elastic boundary (o;) for some low-frequency predicates as a
frequency-guided modeling prior. This enlarged scale is intended to better accommo-
date their scattered features, and we later examine this design through ablation and
predicate-wise boundary-scale visualization. Considering that boundary adjustment
in long-tailed relations should vary with category frequency, we further introduce an
explicit frequency compensation term driven by category frequency to expand the
boundary range of each tail relation category. This compensation should satisfy several
intuitive requirements: it should be zero for the highest-frequency category, increase
as frequency decreases, and vary smoothly overall. We therefore define the frequency
compensation for relation category j as

Aj = Alog (fn}am) (23)
J

where fi,q. denotes the frequency of the most frequent relation category in the
training set, and \; is an annealing coefficient whose upper limit is set to 0.05 in
implementation. Here, fy;i describes the frequency difference between category j and

J
the most frequent category, while the logarithm compresses the dynamic range under
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the long-tailed distribution so that boundary compensation changes more smoothly
with frequency.

After obtaining the frequency compensation term, we further use a Gaussian dis-
tribution to describe the neighborhood range around a fixed relation prototype. We do
not assume that actual relation features strictly follow a Gaussian distribution. Rather,
we introduce a continuous and sampling-friendly form to represent an adjustable
boundary range around a fixed relation prototype. A Gaussian can provide a smooth
description of a prototype region through both center and scale, and also allows the
above frequency compensation to be naturally imposed on the boundary range. Sim-
ilarly, Yang et al. (2021) used Gaussian distributions in scene graph generation to
describe semantic uncertainty in relation features. Different from that work, we focus
more on how frequency differences affect relation-category decision boundaries. Based
on this idea, we represent the fixed relation prototype of relation category j as a Gaus-
sian distribution N (Tg, 0]2), and combine the compensation term with the prototype’s
own scale prediction to obtain the log-variance:

. 1
log a? = MLP,,, (ré) + A4, 0 = exp (2 log 0']2»> (24)

where M LP,q,(-) is the scale-prediction network, and ¢; denotes the boundary
scale associated with the j-th prototype. This equation combines the scale prediction of
the prototype itself with category-frequency compensation to determine the boundary
range of relation category j around the fixed relation prototype while keeping the vari-
ance parameterization mathematically consistent. In practice, the explicitly injected
A; biases the model toward assigning a wider variance ajz to lower-frequency classes,
which can be interpreted as a frequency-aware buffer zone for more dispersed feature
distributions. In implementation, we clip the compensated log-scale to the range [-3.5,
0.5] before exponentiation. This bounded parameterization prevents o; from becom-
ing excessively small or overly large: when o; is too small, the reparameterized virtual
samples collapse around the prototype center and fail to capture meaningful local
variation; when o is too large, the virtual samples become overly dispersed, lead-
ing to overly loose boundaries and weakened discrimination among nearby relation
categories.

Once the boundary range is determined, we further generate virtual samples around
the fixed relation prototype through reparameterization:

Zj’kzrg+0j®€j7k, €5k NN(QI), kZl,...7Qj (25)
where z;j is the k-th virtual sample of category j, © represents element-wise
multiplication, and ¢ is Gaussian noise. This reparameterized formulation keeps
the sampling process differentiable, so gradients from the boundary objective can be
back-propagated to the boundary-scale parameters through the virtual samples. These
virtual samples do not replace the prototype center; instead, they serve as auxiliary
references for the boundary range around fixed relation prototypes, enabling Stage 2
to learn relation-category decision boundaries that better reflect frequency differences
within prototype neighborhoods.
During training, the model should preserve the basic ability to classify relation
categories around prototype centers, while also ensuring that samples fall within the
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boundary range corresponding to their target categories. We therefore first define a
basic classification loss around prototype centers:

exp (—a ||Mf — ré”z)
Sitoe (~afagy i)

where « is a learnable parameter controlling distance scaling. This term maintains
the basic category discrimination centered on prototypes.

On this basis, we further examine whether the current sample truly lies within the
effective boundary range of its target relation category. To keep the boundary-learning
objective differentiable, we approximate the nearest target-boundary distance with a
temperature-controlled soft minimum over the target virtual sample set:

L3 = ~log (26)

Q¢
dsoty = —Tb logZexp (= IMy = zeklly /70) (27)
k=1
where z; j, denotes the k-th virtual sample in the target category-t sample set, Q; is
the number of samples assigned to that category, and 73 is the soft-min temperature.
dsoft is a differentiable approximation of the nearest distance from the current sample
to the elastic boundary of the target category.
The corresponding boundary loss is then defined as

Lyound = [max (07 dsoft — R)]2 (28)
where R is the hyperparameter controlling the boundary radius. When a sample lies
outside the target boundary, this term pulls it toward the target boundary; when the
sample is already within the boundary, no additional penalty is imposed. Specifically,
R serves as a tolerance margin that helps avoid over-compressing the feature space
and accommodates part of the inherent intra-class variation. This objective therefore
focuses on whether the sampled relation feature can enter the target boundary while
preserving the prototype-centered decision structure. Because Eqs. (24)—(28) are con-
nected through reparameterized virtual samples and the soft minimum, the boundary
loss can update the boundary-scale parameters end-to-end and thereby realizes implicit
adjustment of relation-category boundary scales during training.
By combining the basic classification term and the boundary constraint, the total
Stage-2 loss is

EstageQ = )\(Z)Ebound + ££z) (29)

where A balances the boundary term and the basic classification term. This

formulation indicates that Stage 2 preserves prototype-center-based discrimination

while additionally exploiting boundary constraints to adjust the decision boundaries
of different relation categories in prototype space.

3.4.3 Inference: Elastic Boundary-Aware Distance Calibration

In the second stage shown in Fig. 2, the scale information learned from boundary learn-
ing is further used for relation prediction at test time. Training determines the decision
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boundaries that different relation categories should have in feature space; if testing
still relies solely on the original prototype distance, the boundary information learned
during training cannot effectively enter final decision making, and a mismatch remains
between training objectives and inference criteria. To address this, we further design
an elastic boundary-aware distance calibration strategy, which preserves the original
geometric distance while incorporating relation-category decision-boundary informa-
tion into prototype matching. The original distance between the relation feature and
the j-th prototype is
dj = [|My =i, (30)

where d; denotes the original Euclidean distance from relation feature My to
prototype 7"17;. This distance reflects the basic matching result without boundary
information.

Since relation matching is ultimately based on scalar distance comparison, we
further aggregate the per-dimension scale information of the j-th prototype into a
category-level boundary range:

6; = (Mean (0;))” (31)

where o; corresponds to the per-dimension boundary scales of prototype j,

Mean(-) denotes averaging over dimensions, p is the scale adjustment coefficient, and

&; denotes the category-level boundary range associated with relation category j. This

category-level scalarization provides a unified and efficient metric for subsequent dis-

tance calibration and keeps inference compact. The resulting boundary range is then
used for calibrated prototype matching.

The key is how to combine this boundary range with the original distance. If only

d; is used, the boundary-range differences among relation categories still cannot enter

final decision making; if only the normalized distance ;lJ is used, the matching result

J
becomes overly dependent on boundary range and weakens the discriminative role of
original prototype distances. We therefore define the calibrated distance as

d; = \d; +(1—A)‘fi (32)

gy
where A is set to 0.3 in implementation, and Jj denotes the calibrated matching
distance. Equation (32) is the key inference design: the first term Ad; preserves the
proximity relationship between the feature and the prototype as measured by the orig-
inal Euclidean distance, whereas the second term (1 — \) ‘:j; calibrates the matching

distance according to the relation-category boundary range learned during training. It
is worth noting that the scaled term Zl—’ plays a role analogous to a category-level dis-
tance normalization. For low-frequency predicates, a larger ¢ yields a smaller distance
penalty. This mathematical relaxation does not imply that fine-grained relations have
broader semantic definitions; rather, it can be interpreted as a category-level confi-
dence adjustment based on the learned boundary scale. When the Euclidean distances
between a relation feature and multiple candidate prototypes are close, this calibra-
tion can provide supplementary decision evidence for dispersed tail-class features. The

calibrated distance is then used for final relation-category prediction. Fig. 4 shows the
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Fig. 4 Prediction distribution comparison between SGE-Net and PE-Net on the <Banana, tree>
entity pair. Compared with the baseline, which is more inclined to output the high-frequency predicate
on, SGE-Net is more likely to produce the fine-grained prediction growing on under the joint effect
of boundary learning and elastic boundary-aware distance calibration.

prediction-distribution comparison on the <Banana, tree> entity pair, where the joint
effect of boundary learning and elastic boundary-aware distance calibration makes the
model more likely to predict the fine-grained relation consistent with the underlying
semantics.

Overall, boundary learning and elastic boundary-aware distance calibration form a
coherent decision process: the former gradually establishes more reasonable relation-
category decision boundaries during training, while the latter continues to exploit
relation-prototype boundary information to refine prototype matching during testing,
thereby alleviating confusion between fine-grained relation categories and semantically
similar high-frequency relations. In this way, the relation-category decision boundaries
formed during training are translated into decision evidence at test time, providing a
clearer basis for distinguishing fine-grained relations.

4 Experiments

4.1 Datasets

To assess the proposed method under both long-tailed relation prediction and more
general relation-detection settings, we perform experiments on Visual Genome and
Open Images V6. Visual Genome exhibits a representative long-tailed relation distri-
bution and is therefore suitable for examining performance on infrequent fine-grained
relations. Open Images V6, by contrast, adopts a stricter evaluation protocol for rela-
tion detection and is used to further assess overall performance in a more general
setting.

Visual Genome. On Visual Genome, the dataset contains 108,077 images, with
each image annotated by 38 object instances and 22 relation triplets on average. To
maintain comparability with earlier studies, we use the standard VG150 split (Tang
et al. 2020), which retains the 150 most frequent object categories and the 50 most
frequent relation predicates. Following the conventional 70%/30% train-test partition,
we further select 5,000 images from the training split to form the validation set.

Open Images V6. We also evaluate the proposed method on Open Images
V6 (Kuznetsova et al. 2020). This benchmark includes 126,368 training images, 1,813
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validation images, and 5,322 test images, covering 601 object categories and 31 relation
predicates.

4.2 Evaluation Metrics

Visual Genome. To provide a thorough assessment of long-tailed SGG performance,
we follow previous studies (Chen et al. 2024; Zheng et al. 2023) and present results
on three widely used tasks: Predicate Classification (PredCls), Scene Graph Clas-
sification (SGCls), and Scene Graph Detection (SGDet). PredCls focuses solely on
relation-predicate prediction, with ground-truth boxes and object labels provided.
SGCls requires object classification together with relation prediction under ground-
truth boxes. SGDet, in contrast, requires both object detection and relation prediction
without relying on object-level priors.

Given the pronounced long-tailed distribution in Visual Genome, we mainly use
mean Recall@K (mRQK) together with its aggregate metric Mean,,r for evalua-
tion. Specifically, mR@QK retains the top-K predicted relation triplets in each image,
computes recall for every relation category, and then averages over all categories.
It therefore better reflects recognition performance on infrequent relation categories.
Mean,, r is computed as the arithmetic mean of mR@50 and mR@100, and serves as
an overall indicator of long-tailed relation-prediction performance.

Open Images V6. Consistent with earlier work (Suhail et al. 2021; Sudhakaran
et al. 2023), we report Recall@50 (R@50), relation weighted mean Average Precision
(wmAP,), phrase weighted mean Average Precision (wmAP,,), and the official
composite metric (score,tq). R@50 counts the number of ground-truth relations recov-
ered within the top 50 predictions for each image. Both wmAP,.; and wmAP,, are
derived from average precision by first ranking all predictions according to confidence
and then applying weighted averaging; see (Zhang et al. 2019) for details. The dif-
ference is that wmAP,.; requires the subject, object, and relation to all be correct,
whereas wmAP,, evaluates the subject-relation-object phrase as a whole and thus
places greater emphasis on complete interaction semantics. The official composite met-
ric is computed as scoreyig = 0.2 X RQ50 4 0.4 x wmAP,¢; + 0.4 X wmAP,p,. As it
jointly accounts for recall, relation-detection precision, and phrase-detection precision,
it provides a more comprehensive view of overall relation-detection quality on Open
Images V6.

4.3 Implementation Details

In line with prior studies (Suhail et al. 2021; Sudhakaran et al. 2023), we use a
pre-trained Faster R-CNN (ResNeXt-101-FPN) as the detector, with its parameters
kept fixed throughout training. For fair comparison, we follow the standard detector,
backbone architecture, dataset splits, and evaluation protocols adopted in prior SGG
studies and the PE-Net setting. Entity semantic features are provided by GloVe (Pen-
nington et al. 2014). Relation-predicate semantic features are generated offline by
Qwen3-14B (Team 2025) and encoded by a pre-trained BERT (Devlin et al. 2019),
after which they are used as an external offline, fixed predicate-semantic prior resource.
Specifically, we use carefully designed prompts to generate 3 structured descriptions
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Table 2 Performance comparison with state-of-the-art SGG methods on the Visual Genome dataset.
* denotes reproduced results obtained using the codebase provided by the corresponding Motifs

work (Zellers et al. 2018). The best result in each metric is marked in bold and the second best is
underlined.

Predicate Scene Graph Scene Graph
Classification Classification Detection
Model
mR@20/50/100 Mean,, g mR@20/50/100 Mean,, g mR@20/50/100 Mean,, r

Motif* Zellers et al. (2018) 11.7/15.2/16.2 15.7 6.7/8.3/8.8 8.6 5.0/6.8/7.9 7.4
VCTree Tang et al. (2019) 12.4/15.4/16.6 16.0 6.3/7.5/8.0 7.8 4.9/6.6/7.7 7.2
GPS-Net-SIL Wang et al. (2023) 19.1/23.8/25.2 24.5 11.7/13.2/14.0 13.6  6.9/9.1/10.4 9.8
RepSGG Liu and Bhanu (2024) 16.8/22.2/24.4 23.3 10.5/14.5/17.3 15.9 7.2/10.0/12.3 11.2
VCTree-HIERCOM Jiang et al. (2025) 17.6/26.3/31.8 29.1 11.8/16.9/20.0 18.5 5.8/8.7/11.1 9.9
Motif-NICEST Li et al. (2024) -/29.5/31.6 30.6 -/15.7/16.5 6.1 -/10.4/12.4  11.4
Motif-SBG Li et al. (2024) -/32.1/34.4  33.3  -/17.5/18.6 18.1  -/13.8/16.1  15.0
Motif-Resam-ST-SGG Kim et al. (2024) -/28.1/31.5 29.8 -/16.9/18.0 17.5 -/11.6/14.2 12.9
VCTree-MEET Sudhakaran et al. (2023) -/25.5/34.5 30.0 -/14.5/18.6 16.6 -/8.2/11.5 9.9
Motif-NICE Li et al. (2022) -/29.9/32.3 31.1 -/16.6/17.9 17.3 -/12.2/14.4 13.3
VCTree-Inf Biswas and Ji (2023) -/28.1/30.7 29.4 -/17.3/19.4 18.4  -/10.4/11.9 11.2
PE-Net Zheng et al. (2023) -/31.5/33.8 32.7 -/17.8/18.9 18.4  -/12.4/14.5 13.5
HetSGG Yoon et al. (2023) -/31.6/33.5 32.6 -/17.2/18.7 18.0  -/12.2/14.4 13.3
Motif-IETrans Zhang et al. (2022) -/30.9/33.6 32.3 -/16.8/17.9 17.4 -/12.4/14.9 13.7
IS-GGT Kundu and Aakur (2023) -/26.4/31.9 29.2 -/15.8/18.9 17.4 -/9.1/11.3 10.2
SGE-Net(Ours) 26.1/36.5/40.1 38.3 13.2/17.9/20.3 19.1 9.7/13.4/16.2 14.8

per predicate, and extract 768-dimensional features using BERT. The structured
descriptions are produced once before training, and the resulting semantic library
remains fixed during both training and inference. Therefore, no online LLM interac-
tion or additional external supervision is introduced at inference time. The semantic
library will be made publicly available for reproducibility. Training is carried out in two
successive stages. We first optimize Stage 1 to construct the prototype-aligned feature
space. After Stage 1 converges, the relation prototypes are frozen as static anchors,
and Stage 2 further updates the multimodal relation encoder and the boundary-scale
predictor under Lgtqge2. For reproducibility, the total 60k iterations are split evenly
across the two stages. Following common practice in prior SGG studies, the main
comparison results are reported from a single run with a fixed random seed. To fur-
ther examine the stability of SGE-Net, we additionally repeat the PredCls experiment
on Visual Genome under four different random seeds and report the corresponding
statistics in the stability analysis. Unless otherwise specified, the remaining training
settings follow previous studies.

For the key hyperparameters, we set the base sample count Qpqse to 40, the distance
threshold R to 0.3, the loss balancing coefficient A to 0.1, the upper bound of
the annealed explicit frequency compensation coefficient to 0.05, the inference-stage
distance calibration weight A to 0.3, and the scale adjustment coefficient p to 0.55. The
model is trained for 60k iterations with SGD, using an initial learning rate of 1073
and a batch size of 8. All experiments are implemented using PyTorch and executed
on one NVIDIA GeForce RTX 4090 GPU.
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Performance comparison of all predicates
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Fig. 5 Recall@100 comparison across all predicate categories under PredCls on Visual Genome
between the baseline and SGE-Net (Ours).
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Fig. 6 Visual comparison between our two-stage method and PE-Net on PredCls. Predicates in red
denote granularity-mismatch cases in which the prediction is more specific than the ground truth,
predicates in black match the ground truth, and predicates in green differ from the ground truth.

4.4 Comparison with State-of-the-Art Methods

Visual Genome. As shown in Table 2, we benchmark SGE-Net against several
representative recent SGG methods on Visual Genome. Owing to the pronounced long-
tailed distribution of this dataset, we mainly focus on Mean,, r. SGE-Net achieves the
best Mean,, r on Predicate Classification and Scene Graph Classification, with 38.3%
and 19.1%, respectively; on Scene Graph Detection, it reaches 14.8%, the second-
best result. In particular, on Predicate Classification, SGE-Net improves mR@100 to
40.1%, surpassing PE-Net (Zheng et al. 2023) by 6.3%. These results indicate that
the proposed method improves tail-relation recognition while also achieving stronger
overall performance on long-tailed relation prediction.

To more intuitively analyze predicate-level performance, Fig. 5 shows Recall@100
comparisons across all predicate categories under PredCls. SGE-Net achieves higher
Recall@100 than the baseline on many predicates, indicating more consistent
predicate-level improvements rather than gains limited to a specific tail subset. The
improvements are especially notable for fine-grained and relatively low-frequency pred-
icates such as painted on, growing on, and part of, which are semantically finer-grained
and more easily confused with frequent coarse-grained relations.

Fig. 6 presents qualitative comparisons on Visual Genome. For the entities orange,
branch, and leaf, PE-Net predicts more general relations such as on and attached
to, whereas SGE-Net further produces more specific predicates such as growing on,
hanging from, and covering. This example shows that, in scenes with relatively clear
relation semantics, SGE-Net produces more fine-grained relation descriptions than
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Table 3 Performance comparison with state-of-the-art methods on Open
Images V6. * denotes methods originally proposed for HOI detection. The best
result in each metric is marked in bold and the second best is underlined.

Model R@50 wmAP,,; wmAP,,, score,iq
PE-Net Zheng et al. (2023) 76.5 36.6 37.4 44.9
SQUAT Jung et al. (2023) 75.8 34.9 35.9 43.5
CooK Kim et al. (2024) 75.5 34.6 36.4 43.5
FGPL-A Lyu et al. (2023) 73.4 35.9 36.8 43.8
Motif-SIL Wang et al. (2023) 72.3 30.4 31.8 39.4
VCTree+TDE Tang et al. (2020) 69.3 30.7 32.8 39.3
HOTR* Zou et al. (2021) 52.7 19.4 21.5 26.9
AS-Net* Chen et al. (2021) 55.3 25.9 27.5 34.4
RelTR Cong et al. (2023) 64.5 34.2 37.5 41.6
SGE-Net(Ours) 73.4 38.3 38.6 45.4

man holds football man Bolds football man =P football
SGE-Net
Ground Truth PE-Net
(Ours)

Image

Fig. 7 Visual comparison between our two-stage method and PE-Net on Open Images V6. Predicates
in red denote granularity-mismatch cases in which the prediction is more specific than the ground
truth, and predicates in black match the ground truth.

PE-Net. Although the prediction does not exactly match the benchmark annotation,
it remains semantically plausible and reflects a confusion between related predicates
rather than a random error, which is consistent with the predicate-level improvements
shown in Fig. 5.

Open Images V6. We further compare SGE-Net with existing methods on Open
Images V6, as shown in Table 3. SGE-Net achieves 38.3% on wmAP,.;, 38.6% on
wmAPyy,, and 45.4% on the official composite metric score,.q, which are the best
results on all three metrics. Compared with the second-best methods, the improve-
ments are 1.7, 1.1, and 0.5 percentage points, respectively. Although SGE-Net is not
the best on R@50, it achieves clear improvements on wmAP,; and wmAPyp,. This
reflects a key characteristic of our method: boundary calibration improves ranking pre-
cision more clearly than broad recall. By refining the decision boundaries, the model
becomes more confident in its top predictions for fine-grained relations, thereby boost-
ing AP metrics, even if the total number of retrieved relations remains comparable.
The results demonstrate that our method achieves better overall relation-detection
quality while maintaining competitive recall.
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Table 4 Ablation study on the main components of SGE-Net. Baseline denotes PE-Net. VL +
Dynamic Gate denotes the use of relation-predicate semantic features with visual-semantic fusion
and dynamic gating. Boundary Learning (Train) denotes frequency-aware boundary-scale learning
around fixed relation prototypes during training. Infer. reports the inference matching distance,
where Euc. denotes the original Euclidean prototype distance and Calib. denotes the elastic
boundary-aware calibrated distance.

Method D n;]rr%ij Gate i(:;?r?;ry Infer. PredCls
Y & mR@50 mR@100 Mean,,
Baseline X X Euc. 31.5 33.8 32.65
(B}aseline + VL + Dynamic v « Fuc. 32.4 34.8 33.6
ate
Baseline + Boundary x v Calib. 354 388  37.1
earning
SGE-Net (Full) v v Calib. 36.5 40.1 38.3

Fig. 7 shows a qualitative comparison on Open Images V6. For the pair man and
football, both the ground truth and PE-Net predict the coarse relation holds, whereas
SGE-Net further predicts the more specific relation kick. This example highlights
annotation-granularity mismatch in a scene with relatively clear interactions, where
SGE-Net predicts a more specific relation while preserving the basic interaction seman-
tics. This qualitative observation is broadly consistent with the quantitative trend in
Table 3, where SGE-Net obtains higher wmAP,¢;, wmAPy,, and scoreqyq.

4.5 Ablation Studies

To more clearly explain how each design contributes to model performance, the fol-
lowing ablations start from the overall framework, then move to the key mechanisms
and related hyperparameters in Stage 2, and finally compare the fusion strategies and
semantic-prior sources used in Stage 1.

Core component analysis. To verify the contribution of the major compo-
nents, Table 4 compares the effects of visual-semantic fusion with dynamic gating and
Stage-2 elastic boundary learning. The baseline denotes PE-Net and achieves Mean,,, r
of 32.65% under the same experimental setting. Adding VL with dynamic gating
improves Mean,,, g to 33.6%, indicating that relation-predicate semantic features and
adaptive visual-semantic fusion provide complementary cues for relation representa-
tion. In contrast, adding elastic boundary learning and calibrated inference without
VL and dynamic gating raises Mean,,r to 37.1% and mR@100 to 38.8%, bringing
much larger gains. This comparison isolates the contribution of boundary learning and
inference-time calibrated matching without introducing the Stage-1 semantic-prior
setting. The full model achieves the best results on all three metrics, further indicat-
ing that Stage-1 relation-feature refinement and Stage-2 boundary learning are highly
complementary.

Training-versus-inference applicability of elastic boundary-aware dis-
tance calibration. Table 5 examines whether the elastic boundary-aware calibrated
distance should be introduced during training, inference, or both. The checkmarks in
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Table 5 Stage-wise ablation of elastic boundary-aware distance calibration. Calib. denotes
the elastic boundary-aware calibrated distance. The checkmarks indicate whether Calib. is
used in the training classification objective or in inference matching, rather than whether the
whole Stage-2 boundary-learning process is enabled.

Train Infer PredCls

Setting Calib. Calib.
mR@50 mR@100 Mean,,, p

Expl: No Calibration X X 31.2 33.4 32.3
Exp2: Train Calibration Only v X 30.3 32.7 31.5
Exp3: Train + Inference

Calibration v v 14.0 17.1 15.55
Exp4: Inference Calibration Only X v 36.5 40.1 38.3

this table indicate only whether the calibrated distance is used in the training clas-
sification objective or in inference matching, rather than whether the entire Stage-2
boundary-learning process is enabled. Expl keeps both training and inference under
the original Euclidean prototype distance and can therefore be regarded as continued
prototype-space fine-tuning without calibrated matching. Exp2 introduces calibrated
distance during training but still evaluates with Euclidean matching, leading to a
slight performance drop. This indicates that involving calibrated distance in the train-
ing objective may affect boundary-scale estimation, but its influence is limited when
final prediction still relies on the original Euclidean prototype distance. Exp3 applies
calibrated distance in both training and inference, where performance degrades sub-
stantially and Mean,,r falls to 15.55%. This suggests that directly using calibrated
distance in the training classification objective can make boundary-scale estimation
less stable, because ¢ is then involved in inter-class distance optimization and may
be driven more by immediate discrimination than by the local variation range around
fixed relation prototypes. When the resulting calibrated distance is further used during
inference, the unstable boundary-scale estimates can have a stronger impact on final
matching. By contrast, Exp4 learns boundary scales without using calibrated distance
in the training classification objective and applies the learned boundary information
only during inference, achieving the best performance with mR@100 of 40.1% and
Mean,, g of 38.3%. Fig. 8 further visualizes the learned predicate-wise boundary-scale
distributions under the worst-performing and best-performing calibration settings. As
shown in Fig. 8(a), Exp3 yields a sharper head-to-tail change, where head predicates
are assigned noticeably smaller o values and the body/tail groups exhibit stronger
fluctuations. In contrast, Fig. 8(b) shows that Exp4 produces a smoother and more
progressive predicate-wise o distribution: head predicates retain non-negligible bound-
ary scales, while tail predicates preserve relatively larger o values. This trend is more
consistent with the intended frequency-aware boundary allocation and provides an
intuitive explanation for the superior performance of Exp4 in Table 5. Overall, Table 5
and Fig. 8 indicate that elastic boundary-aware distance calibration is most effective
when used as an inference-time matching strategy after boundary scales have been
learned.
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(a) Predicate-wise Sigma Distribution (Worst-performing Setting, Exp3)
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(b) Predicate-wise Sigma Distribution (Best-performing Setting, Exp4)

Fig. 8 Predicate-wise boundary-scale (o) distributions under different calibration settings. Predi-
cates are sorted in descending order of training frequency and grouped into head, body, and tail
classes. Subfigure (a) corresponds to Exp3, where calibrated distance is used in both training and
inference, while subfigure (b) corresponds to Exp4, where calibrated distance is used only for infer-
ence matching, as reported in Table 5.

Elastic boundary-learning mechanism analysis. To verify the necessity of
the major components in Stage 2, Table 6 removes the explicit frequency compensation
and the implicit adaptive virtual sampling, respectively. Without explicit frequency
compensation, Mean,, g drops to 36.75%, indicating that a uniform boundary adjust-
ment is insufficient to reflect the frequency differences among relation categories,
while frequency-aware compensation helps preserve more suitable decision boundaries
for low-frequency fine-grained relations. Without implicit adaptive virtual sampling,
Mean,,, g further decreases to 36.15%, suggesting that explicit frequency compensation
alone is not enough to support stable boundary learning, and that virtual sampling
around fixed relation prototypes is also essential for forming boundaries. The full
model achieves the best performance on all three metrics, indicating that explicit fre-
quency compensation and implicit adaptive virtual sampling work together from two
complementary perspectives: boundary adjustment and local neighborhood constraint.

Distance threshold R for elastic virtual boundaries. Table 7 reports the
effect of different distance thresholds. When R is too small, the boundary constraint
becomes overly strict and the admissible effective range around a fixed relation proto-
type is too narrow, which is especially unfavorable for covering the reasonable variation
of low-frequency fine-grained relations near prototypes. As a result, mR@100 is only
38.1% and Mean,, g is 35.5% when R = 0.03. As R increases to 0.2 and 0.3, perfor-
mance steadily improves, and the best results are achieved at R = 0.3, indicating that
the boundary range at this point can both preserve stable discrimination near the
prototype and reserve necessary elastic space for low-frequency relations. When R is
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Table 6 Ablation study on the elastic prototype-boundary construction strategy
in Stage 2.

Predicate Classification
mR@50 mR@100 Mean,,p

Ablation Models (Stage2)

w/o Explicit Frequency Compensation 35.3 38.2 36.75
w/o Implicit Adaptive Virtual Sampling 34.7 37.6 36.15
SGE-Net 36.5 40.1 38.3

Table 7 Effect of the distance threshold R
of elastic virtual boundaries on
predicate-classification performance.

R Predicate Classification
mR@50 mR@100 Mean,,r
0.03 32.9 38.1 35.5
0.2 35.8 38.9 37.35
0.3 36.5 40.1 38.3
0.4 36.2 39.8 38.0
0.8 35.7 39.1 374

further increased to 0.4 and 0.8, performance declines, suggesting that an overly wide
boundary weakens discrimination among neighboring relation categories. We therefore
set R =0.3.

Base sample count p,s.. Table 8 reflects the influence of the virtual sam-
pling scale on boundary learning. When Qpqse is small, the sampling points around
fixed relation prototypes are too sparse to provide a stable neighborhood refer-
ence for boundary learning, so mR@100 is only 35.8% and Mean,,r is 33.5% at
Qpase = 2. As Qpqse increases, performance steadily improves and reaches the optimum
at Qpase = 40, indicating that a moderate sampling scale can better cover effective
variation in prototype neighborhoods and is especially helpful for stabilizing the deci-
sion boundaries of low-frequency relations. When Qpqse is further increased to 60 and
80, the performance slightly declines, suggesting that overly dense virtual sampling
does not continuously bring gains and may instead introduce redundant boundary
constraints. We therefore set Qpqse = 40.

Loss-balancing coefficient \(?). Table 9 shows how the strength of the Stage-
2 boundary constraint affects the results. When A is small, the boundary loss
has limited contribution in overall optimization, so Stage 2 behaves more like basic
classification around prototype centers and the adjustment of low-frequency relation
boundaries remains insufficient. For example, Mean,,z is 37.0% when \(2) = 0.01.
Increasing it to 0.08 and 0.1 further improves mR@100 and Mean,,, with A(?) = 0.1
giving the best results, indicating a more suitable balance between the basic classifica-
tion term and the boundary constraint. When it is further increased to 0.12 and 0.2,
performance declines, which suggests that overly strong boundary constraints begin

27



Table 8 Ablation study on the base sample
count Qpgse-

Predicate Classification
Qbase
mR@50 mR@100 Mean,,r

2 31.2 35.8 33.5
10 34.8 37.9 36.35
20 35.4 38.8 37.1
30 36.1 39.2 37.65
40 36.5 40.1 38.3
60 36.2 39.8 38.0
80 36.3 39.6 37.95

Table 9 Ablation study on the Stage-2
loss-balancing coefficient A(2).

®) Predicate Classification
mR@50 mR@100 Mean,,pr
0.01 35.1 38.9 37.0
0.08 36.1 39.7 37.9
0.1 36.5 40.1 38.3
0.12 36.0 39.6 37.8
0.2 35.8 39.3 37.55

to interfere with the basic discrimination provided by prototype centers. We therefore
set A =0.1.

Elastic boundary-aware distance-calibration weight A\. Table 10 shows the
weight allocation between the original prototype distance and the elastic boundary-
aware term. When A = 0.2, the calibrated distance still relies more heavily on the
boundary-aware term (1 — )\)Zj_, and the model already achieves relatively strong
results, with mR@100 of 39.4% and Mean,,g of 37.8%. Increasing A to 0.3 fur-
ther improves performance to the best mR@Q100 and Mean,,g values of 40.1% and
38.3%, respectively, indicating a more suitable balance between the original Euclidean
distance and elastic boundary-aware distance calibration. In this regime, boundary
information can still provide effective supplementary evidence when the original dis-
tances of candidate relation categories are close, while the basic geometric matching
relationship is better preserved. Further increasing A to 0.5 and 0.8 reduces the over-
all performance, especially when A = 0.8, suggesting that if the original-distance term
dominates too much, the useful contribution of boundary information is weakened.
We therefore set A = 0.3 for elastic boundary-aware distance calibration.

Annealed upper bound of explicit frequency compensation \;. Table 11
reflects how the strength of frequency compensation affects Stage-2 boundary learn-
ing. When ); is too small, frequency differences cannot be sufficiently transformed into
boundary adjustment, so low-frequency relations still fail to receive adequate com-
pensation. For example, mR@100 is 37.7% and Mean,,r is 36.3% when \; = 0.01.
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Table 10 Ablation study on the elastic
boundary-aware distance-calibration weight

A.
A Predicate Classification
mR@50 mR@100 Mean,,r
0.2 36.2 39.4 37.8
0.3 36.5 40.1 38.3
0.5 35.7 36.7 36.2
0.8 33.9 35.7 34.8

Table 11 Ablation study on the annealed
upper bound of explicit frequency
compensation A¢.

Predicate Classification

At
mR@50 mRQ@100 Mean,, g

0.01 34.9 37.7 36.3
0.05 36.5 40.1 38.3
0.1 35.6 38.9 37.25
0.25 34.3 36.7 35.5
0.5 33.1 35.9 34.5
1.0 32.3 34.5 33.4

Increasing A; to 0.05 yields the best results on all three metrics, indicating that a
moderate compensation strength is more effective for translating frequency priors into
useful boundary adjustment. Further increasing A; to 0.1, 0.25, 0.5, and 1.0 leads to
gradually declining performance, suggesting that overly strong compensation causes
excessive expansion of low-frequency relation boundaries and weakens stable discrimi-
nation from semantically similar relation categories. We therefore set the upper bound
of \; to 0.05.

Hyperparameter-sensitivity visualization. Fig. 9 summarizes the variations
of Mean,, r under different values of R, Qpase, A?, A, and \;. Most of these hyperpa-
rameters perform best around moderate values, whereas overly small or overly large
settings cause varying degrees of performance drop. This observation indicates that
the performance gain of SGE-Net does not rely on any extreme hyperparameter choice,
but on a relatively well-balanced coordination among prototype space, boundary learn-
ing, and elastic boundary-aware distance calibration. More specifically, R and Qpgse
mainly affect the coverage and sampling density of the boundary range around fixed
relation prototypes; values that are too small fail to provide sufficient constraints,
while values that are too large bring overly wide or redundant boundary descriptions.
By contrast, A(2), X, and \; correspond to the strength of boundary constraints during
training, the strength of elastic boundary-aware distance calibration, and the magni-
tude of frequency compensation, respectively, and their better results likewise occur
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Fig. 9 Hyperparameter-sensitivity analysis. The figure summarizes the influence trends of R, Qpqse,
)\(2), A, and A\¢ on Mean,, g.

Table 12 Ablation study on multimodal feature-fusion strategies
in Stage 1. “Add” denotes element-wise addition between visual
features and semantic features.

Ablation Models (Stagel) Predicate Classification
mR@50 mR@100 Mean,,pr
No Gate(Add) 31.2 33.2 32.2
Fixed Gate 31.6 33.9 32.75
Dynamic Gate 32.4 34.8 33.6

within moderate ranges. Together with the quantitative tables above, this figure fur-
ther shows that the key factors of the proposed method need to stay in relative balance
in order to more effectively improve long-tailed relation prediction.

Multimodal feature-fusion strategy analysis. To verify the necessity of
dynamic gating in Stage 1, Table 12 compares different fusion strategies. Directly
adding visual features and semantic features achieves only 32.2% Mean,, g, indicating
that simple superposition is insufficient to distinguish the information truly needed by
the current relation instance. Introducing a fixed gate increases Mean,,g to 32.75%,
which shows that basic weighting of different modalities is helpful, but a fixed fusion
ratio still cannot adapt to the differences among entity pairs. In contrast, dynamic gat-
ing achieves the best results on all three metrics, especially raising mR@100 to 34.8%.
This suggests that adaptively adjusting the fusion ratio between visual and semantic

information according to the current relation context is more beneficial for obtaining
stable and discriminative multimodal relation features.
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Table 13 Ablation study on different semantic-prior sources in
Stage 1.

Predicate Classification
mR@50 mRQ@100 Mean,,R

Ablation Models (Stagel)

Random tensor 31.0 33.1 32.05
GloVe 31.4 33.6 32.5
Qwen3-14B 32.4 34.8 33.6

Table 14 Computational overhead analysis compared to the baseline PE-Net.

Model Params (M) Train Time/Iter (s) Infer Time/Img (s)
PE-Net 61.4 0.42 0.115
SGE-Net(Ours) 66.6 0.47 0.120

Semantic-prior source analysis. To evaluate the effects of different semantic
sources, Table 13 compares random tensors, GloVe, and Qwen3-14B-based structured
priors. Random tensors achieve only 32.05% Mean,, r, suggesting that inputs without
semantic constraints cannot provide effective guidance for cross-modal fusion. Replac-
ing them with GloVe improves Mean,, g to 32.5%, indicating that basic word vectors
offer useful semantic complement, though their expressiveness remains limited. In con-
trast, Qwen3-14B-based structured priors achieve the best results on all three metrics,
particularly improving mR@100 to 34.8% and Mean,,g to 33.6%. This result shows
that structured descriptions more closely aligned with relation-predicate semantics
help Stage 1 construct higher-quality relation features.

Computational overhead analysis. Table 14 provides a brief analysis of the
computational overhead. While introducing semantic retrieval and virtual sampling,
SGE-Net maintains reasonable computational costs. Compared to the baseline PE-
Net, our method increases the parameter count by approximately 5.2M (mainly from
the multimodal fusion modules). During training, the two-stage process increases the
per-iteration time by about 12%, while the inference time overhead is marginal (less
than 5% increase), as the semantic library and boundaries are pre-computed or fixed.
This indicates that the performance gains are achieved at an acceptable computational
cost.

4.6 Stability and Reproducibility Analysis

To further examine the stability of SGE-Net under different random initializations, we
repeat the PredCls experiment on Visual Genome using four different random seeds
while keeping all other settings unchanged. As shown in Table 15, SGE-Net maintains
consistently strong performance across different runs, with mean results of 35.90% on
mR@50, 39.70% on mR@100, and 37.80% on Mean,,r. The corresponding standard
deviations are 0.41, 0.29, and 0.35, respectively. In addition, the fluctuation across the
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Table 15 Random-seed stability analysis of SGE-Net on PredCls
over four runs on Visual Genome.

Seed mR@50 mR@100 Mean,, r
19991001 36.5 40.1 38.3
3047 35.8 39.6 37.7
42 35.6 39.4 37.5
2026 35.7 39.7 37.7

Mean + Std  35.90 & 0.41  39.70 + 0.29 37.80 £ 0.35

four runs stays within 1.0 point on all three metrics. These results suggest that the
reported gain is stable on Visual Genome PredCls under the tested seeds.

4.7 Visualization Results

Qualitative analysis. To provide an intuitive view of how different methods struc-
ture the relation features of several semantically related predicates that are prone to
confusion, we use t-SNE to project the relation features of six such predicates into a
two-dimensional space. The visualization results are shown in Fig. 10. In Motifs, the
selected predicates are relatively mixed, and no clear prototype-centered structure is
observed. PE-Net improves the overall organization by drawing relation features closer
to their corresponding prototypes, but noticeable overlap still remains among seman-
tically related predicates. In contrast, SGE-Net forms a more structured distribution
around prototypes, and the corresponding elastic boundaries characterize category-
dependent local ranges for different predicates. In particular, for predicates that are
semantically close to on and therefore prone to confusion, the projected features are
more clearly organized around their corresponding prototypes. The dashed ellipses in
Fig. 10 provide an intuitive view of the learned tolerance ranges and feature organi-
zation. Together with the predicate-wise boundary-scale distributions in Fig. 8, this
visualization shows that SGE-Net not only learns frequency-aware boundary scales
at the category level, but also forms a more organized feature space around relation
prototypes for semantically confusing predicates.

Visual Genome. Figs. 11-13 provide additional qualitative comparisons between
PE-Net and SGE-Net on Visual Genome. These examples show that both methods
can recognize the basic relations among objects, while SGE-Net sometimes produces
more specific relation expressions. For example, in Fig. 11, SGE-Net predicts part of
and mounted on; in Figs. 12 and 13, it also produces predicates such as laying on,
walking on, and covering. These examples further illustrate the annotation-granularity
mismatch in SGG: SGE-Net often produces more specific relation expressions while
preserving the basic relation semantics. The mismatches mainly occur among seman-
tically related predicates rather than as random prediction errors, suggesting that the
learned relation space captures meaningful predicate-level structure.

Open Images V6. Fig. 14 provides the corresponding example on Open Images
V6. For the pair man and horse, both the ground truth and PE-Net give the more
general relation interacts with, whereas SGE-Net further predicts the more specific
relation 7ide. This example further illustrates annotation-granularity mismatch, where
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Fig. 10 t-SNE visualization of six semantically related predicates that are prone to confusion under
Motifs, PE-Net, and SGE-Net. Each dot denotes a predicate feature in the projected space. The star
markers denote prototypes, and the dashed ellipses in SGE-Net provide a qualitative illustration of
the learned tolerance ranges.
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Fig. 11 Qualitative comparison between SGE-Net and PE-Net on Visual Genome (Example 1).
Predicates in red denote granularity-mismatch cases in which the prediction is more specific than the
ground truth, predicates in black match the ground truth, and predicates in green differ from the
ground truth.
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Fig. 12 Qualitative comparison between SGE-Net and PE-Net on Visual Genome (Example 2).
Predicates in red denote granularity-mismatch cases in which the prediction is more specific than the
ground truth, predicates in black match the ground truth, and predicates in green differ from the
ground truth.

SGE-Net predicts a more specific interaction while preserving the basic relation seman-
tics. This observation is broadly consistent with the quantitative trend reported earlier
on Open Images V6.
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Fig. 13 Qualitative comparison between SGE-Net and PE-Net on Visual Genome (Example 3).
Predicates in red denote granularity-mismatch cases in which the prediction is more specific than the
ground truth, predicates in black match the ground truth, and predicates in green differ from the
ground truth.
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Fig. 14 Qualitative comparison between SGE-Net and PE-Net on Open Images V6. Predicates in
red denote granularity-mismatch cases in which the prediction is more specific than the ground truth,
while predicates in black match the ground truth.

5 Future Work

Several directions remain valuable for future exploration. First, the offline semantic
library can be further enhanced with higher-quality predicate descriptions or adap-
tive semantic refinement. Second, annotation-granularity-aware evaluation remains
valuable for SGG, because fine-grained predictions may not always be fully reflected
when benchmark annotations use broader predicates. Third, exploring richer boundary
parameterizations, such as anisotropic or multi-dimensional boundaries, may further
improve the flexibility of frequency-aware prototype-boundary learning.

6 Conclusion

In this work, we proposed SGE-Net, a two-stage frequency-aware elastic prototype
boundary learning framework. Stage 1 constructs a prototype-aligned multimodal
relation-feature space by fusing visual and semantic features with dynamic gating,
while Stage 2 revisits long-tailed scene graph generation from the perspective of
relation-category decision boundaries. Specifically, under fixed relation prototypes,
Stage 2 learns relation-category-specific boundary scales through explicit frequency
compensation and frequency-adaptive virtual sampling, so that relation categories
with different frequencies obtain more suitable decision boundaries within a unified
prototype space. During inference, we further design elastic boundary-aware distance
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calibration, which translates the learned tolerance margins into a category-level dis-
tance adjustment for prototype matching. Experimental results on Visual Genome
and Open Images V6 demonstrate consistent improvements on the reported settings,
and the four-seed analysis on Visual Genome PredCls further suggests that the gain is
stable in that setting. These findings suggest that, in long-tailed relation prediction,
beyond the separability of prototype centers, incorporating frequency-aware tolerance
margins is a promising direction for alleviating fine-grained relation confusion. More
broadly, the idea of learning frequency-aware prototype boundaries may also provide
useful inspiration for other long-tailed recognition tasks where rare categories exhibit
larger feature variation.
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