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Abstract—Scene Graph Generation aims to produce a funda-
mental structured representation for deep visual understanding
and downstream reasoning tasks. However, current one-stage
methods typically treat categories as flat, isolated labels, ignoring
intrinsic semantic correlations. This semantic isolation restricts
their generalization, causing failures in zero-shot and long-tailed
scenarios. To address this, we propose the Hierarchical Reasoning
Transformer (HRTR), an end-to-end framework that integrates
structured knowledge priors into the one-stage detection pipeline.
Specifically, we construct a Hierarchical Semantic Tree derived
from WordNet to explicitly model parent-child dependencies,
effectively overcoming the limitations of flat label spaces. Building
on this structure, we propose a Semantic-Visual Unification
module that dynamically aligns these static priors with visual
features, bridging the semantic gap to enable robust structured
reasoning. Furthermore, we design a Hierarchical Supervision
Loss to enforce structural consistency during optimization, ensur-
ing logical coherence across coarse-to-fine predictions. Extensive
experiments on Visual Genome and Open Images V6 demonstrate
that HRTR achieves a strong balance between efficiency and
performance, with significant gains in zero-shot Recall and mean
Recall.

Index Terms—Scene Understanding, Scene Graph, Trans-
former, Hierarchical Reasoning, Visual Relationship Detection

I. INTRODUCTION

Scene graphs empower intelligent systems to achieve deep
semantic understanding by modeling visual scenes as struc-
tured representations. Formally defined as directed graphs,
they map objects to nodes and relationships to edges, typically
represented as ⟨subject , predicate, object⟩ triplets. Owing to
this rich structural prior, scene graphs have emerged as a
foundational component for advancing complex vision tasks,
proving instrumental in diverse applications ranging from
cross-modal retrieval [1] and grounded captioning [2] to visual
reasoning [3] and controllable image synthesis [4]. More
recently, they have become crucial for embodied AI [5]. Unlike
object detection, SGG models complex interactions among
entities. To tackle this, early dominant approaches [6]–[12]
adopted a two-stage pipeline: first localizing objects using
a detector, and then inferring pairwise relationships with a
dedicated reasoning network. While effective, these methods
suffer from inherent inefficiencies. They typically require
processing O(n2) pairs for n object proposals, leading to high
computational costs. Moreover, the separation of detection
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and reasoning often prevents the relationship model from
correcting errors propagated from the object detector.

To reduce cost, recent work adopts one-stage set prediction,
using Hungarian matching over learnable queries for end-
to-end training [13]–[16]. By formulating SGG as a direct
set prediction problem, these methods employ the Hungarian
algorithm [17]–[24] to assign triplets to learnable queries,
enabling efficient end-to-end training. However, this efficiency
comes at a cost. Conventional one-stage models typically treat
object and predicate categories as flat, independent labels,
ignoring the intrinsic semantic correlations found in human
cognition (e.g., that a ”Cat” shares attributes with a ”Dog”).
This semantic isolation deprives them of the ability to transfer
knowledge from frequent to rare classes. Consequently, they
tend to overfit to training statistics, failing to generalize to
visually plausible but unseen compositions.

To address the efficiency–generalization trade-off, we pro-
pose the Hierarchical Reasoning TransformeR (HRTR), which
extends RelTR by explicitly injecting hierarchical semantic
modeling into the Transformer [25]–[28], enabling stronger
knowledge transfer from head to tail and zero-shot categories.
We evaluate HRTR on Visual Genome [29] and Open Images
V6 [30], and the results show that our model maintains
competitive performance while achieving high inference ef-
ficiency. The main contributions of this work are summarized
as follows:

• We construct a Hierarchical Semantic Tree derived from
WordNet to explicitly model the intrinsic parent-child
dependencies among categories. This structure serves as
a fundamental prior, overcoming the semantic isolation
of flat label spaces used in prior one-stage methods.

• We propose a Semantic-Visual Unification module that
dynamically aligns these structured knowledge priors
with visual features. By fusing static semantic hierarchy
with dynamic visual appearance, it effectively bridges the
semantic gap, enabling compositional generalization to
zero-shot scenarios.

• We design a Hierarchical Supervision Loss to enforce
structural consistency across coarse-to-fine predictions.
This objective ensures logical coherence during optimiza-
tion and regularizes the model.

The source code and data are publicly available at https://
github.com/jzx05/HRTR.
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Fig. 1. (a) Baseline: The backbone extracts visual features from input images, where CSA, DVA, and DEA modules iteratively refine the subject and object
queries. (b) HST: Constructs coarse-to-fine semantic paths from ancestors to children (a1 → a2 → a3) using semantic prototypes and level encoding. (c)
SVU: Fuses the hierarchical path features with visual queries via linear projections and cross-attention mechanism. (d) Output: The final scene graph is
generated directly, optimized end-to-end by the Hierarchical Supervision Loss to ensure structural consistency.

II. RELATED WORK

A. Scene Graph Generation

Scene graph generation is used to detect the relationships
between objects in a scene. Existing scene graph generation
methods can be broadly classified into two-stage and one-stage
approaches.

The conventional two-stage strategy first employs a strong
object detector, such as Faster-RCNN [31], to localize object
proposals, followed by a relational reasoning network to infer
predicates between pairs of object proposals. Early approaches
relied on message-passing mechanisms, utilizing RNNs [32],
[33] or Graph Neural Networks [8], [9] to refine context among
entity nodes. Recently, Transformer-based architectures [34],
[35] have been introduced to capture global dependencies.
Although these methods achieve strong performance, they
remain computationally expensive due to pairwise relation
reasoning over O(N2) candidates and are subject to error
propagation through the frozen detector stage.

To prioritize efficiency, recent works have shifted towards
one-stage frameworks. FCSGG [36] encodes objects as centers
and relationships as vector fields but struggles with a perfor-
mance gap. SGTR [14] introduces a decouple-then-assemble
strategy. Most notably, RelTR [13] formulates SGG as a
direct set prediction task using learnable queries, significantly
boosting inference speed. However, these one-stage models
typically regard object categories as flat and isolated labels.
By neglecting the intrinsic semantic hierarchy (e.g., dog is-
an animal), they often fail to capture fine-grained semantic
correlations, limiting their effectiveness in zero-shot or long-
tailed scenarios.

B. Knowledge-Enhanced Reasoning

SGG remains limited by long-tail relations and weak zero-
shot generalization. To mitigate class imbalance, unbiased
learning strategies [6], [37] have been widely explored. Be-
yond data re-balancing, incorporating structured knowledge
priors has proven effective. Semantic knowledge [8], [38] and
statistical correlations [39] are frequently used to regularize
relationship inference. However, most existing knowledge-
aware methods are tailored for two-stage methods. Explicit
structured hierarchical reasoning remains under-explored in
efficient one-stage Transformer frameworks. In this work, we
bridge this gap by explicitly embedding structured priors into
a one-stage framework to simultaneously enhance efficiency
and generalization.

III. METHODOLOGY

A. Preliminaries

Our method is built upon the one-stage SGG framework,
RelTR [13], which employs a Transformer encoder–decoder
architecture to directly predict a fixed set of triplets. The
backbone first extracts global visual features Z. Subsequently,
a dedicated Entity Decoder outputs entity representations
Qent ∈ RNe×d, where Ne denotes the number of entities and d
is the feature dimension. The Triplet Decoder initializes sub-
ject queries Qsub ∈ RNt×d and object queries Qobj ∈ RNt×d

to decode relationship information. These queries are refined
iteratively through three coupled attention modules:

• Coupled Self-Attention (CSA): Captures contextual inter-
actions among Nt triplets and models the dependencies
between all subject and object queries.

• Decoupled Visual Attention (DVA): Updates Qsub and
Qobj by attending to the visual features Z, producing
multi-head spatial attention weights Vspa for localization.
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Fig. 2. Recall@100 performance for each relationship category on the SGDet task. The dashed line with dots denotes the frequency of each relationship
category in the dataset, while the two colored bars present the comparative performance of HRTR and RelTR.

• Decoupled Entity Attention (DEA): Refines the local-
ization and classification features of Qsub and Qobj by
attending to entity representations Qent from the Entity
Decoder.

The predicted triplet is generated by projecting the Qsub
and Qobj into class and box coordinates. The spatial attention
weights are fused with the queries to form visual features Vspa,
which are then fed into MLPs for predicate classification.

During training, RelTR optimizes a joint objective com-
prising entity and triplet detection losses. Ground truths are
padded to fixed sizes (Ne and Nt) with the background token
∅, and assigned to predictions via bipartite matching using the
Hungarian algorithm [17]. The entity loss Lentity aggregates
classification and box regression costs:

Lentity =

Ne∑
i=1

[
Lcls(i) + 1{ci ̸=∅}Lbox(i)

]
, (1)

where Lcls denotes the cross-entropy loss, Lbox combines ℓ1
and GIoU losses [40], and 1{·} is the indicator function. The
triplet loss Ltriplet aggregates costs for the subject (s), object
(o), and predicate (p). It sums the classification loss for all
components and the localization loss for triplet entities:

Ltriplet =

Nt∑
i=1

[ ∑
k∈{s,o,p}

Lk
cls(i) + 1{ci ̸=∅}

∑
k∈{s,o}

Lk
box(i)

]
,

(2)
The total loss function is the sum of the two:

Ltotal = Lentity + Ltriplet. (3)

B. Model Architecture

Figure 1 illustrates the overall architecture of our proposed
HRTR. Building upon the RelTR [13] baseline, we integrate
a semantic hierarchy enhancement mechanism to bridge the
semantic gap and facilitate structured reasoning. Specifically,
we introduce three key components: a Hierarchical Semantic
Tree (HST), a Semantic-Visual Unification (SVU), and a
Hierarchical Supervision Loss (HSL).

Hierarchical Semantic Tree (HST): To explicitly capture
the rich semantic relationships between subjects and objects,

we construct HST based on the WordNet knowledge base.
Let |Ce| represent the complete set of entity classes. Instead
of treating each class as an isolated point, we define the
representation of any category c ∈ |Ce| as an ordered semantic
path of length L:

A(c) = ⟨a1(c), a2(c), . . . , aL(c)⟩, (4)

where aL(c) = c denotes the specific class, and a1(c) corre-
sponds to the root abstraction. For instance, a typical semantic
path is Animal → Mammal → Dog. The hierarchy follows
parent-to-child connections defined as aℓ−1(c) → aℓ(c) for
ℓ = 2, . . . , L. By aggregating features along this path, the
hierarchy promotes structural knowledge sharing and enhances
the generalization capability for zero-shot scenarios.

To encode the hierarchy into a continuous feature space, we
introduce a learnable semantic prototype bank P ∈ R|Ce|×L×d

to capture category-specific semantics. Additionally, we em-
ploy shared level embeddings Elvl ∈ RL×d to explicitly
differentiate semantic abstractions at varying depths. For the
semantic path of any class c, the hierarchical prototype se-
quence H(c) ∈ RL×d is obtained by:

H(c) = LN
(
[P(c,ℓ) +Elvl(ℓ)]

L
ℓ=1

)
, (5)

where LN(·) denotes Layer Normalization, used to stabilize
the feature distribution across different semantic levels.

Semantic-Visual Unification (SVU): The SVU module is
designed to dynamically bridge the gap between flat visual
features and structured knowledge. We utilize the refined
classification scores p ∈ R|Ce| from the DEA module to
construct a subject-specific semantic representation. Instead of
relying on a hard label, we compute a weighted aggregation
of hierarchical prototypes:

Ssub =

|Ce|∑
c=1

psub(c)H(c), (6)

where psub(c) is the probability of the subject belonging
to class c, and Ssub ∈ RL×d encapsulates the multi-level
semantic context. The object representation Sobj is computed
analogously.



TABLE I
COMPARISON OF RESULTS OBTAINED FROM EXPERIMENTS ON VISUAL GENOME.

Type Method SGDET FPS↑ #params(M) ↓
R@20 R@50 R@100 mR@20 mR@50 mR@100 zR@50 zR@100

two-stage
(unbiased)

Motifs-TDE [6] 12.4 16.9 20.3 5.8 8.2 9.8 2.3 2.9 - 270.3
VCTree-TDE [6] 14.3 19.6 23.3 6.3 8.6 10.3 2.6 3.2 0.8 361.3

VCTree-TDE(EBM) [41] 14.7 20.6 - 7.1 9.7 11.6 1.6 2.7 - 372.5

two-stage
(w/o unbiased)

Motifs [8] 21.4 27.2 30.3 4.2 5.7 6.6 0.1 0.2 6.6 270.4
KERN [39] 22.3 27.1 29.8 - 6.4 7.3 - - 4.6 405.2
VCTree [9] 22.0 27.9 31.3 5.2 6.9 8.0 0.2 0.7 0.8 361.4

one-stage
(w/o unbiased)

FCSGG [36] 16.1 21.3 25.1 2.7 3.6 4.2 1.0 1.4 8.4 87.1
HOTR [42] - 23.5 27.7 - 9.4 12.0 - - - -
RelTR [13] 21.2 27.5 29.8 6.8 10.2 12.6 1.8 2.4 16.1 63.7
UniQ [43] 25.2 30.5 33.2 6.3 8.5 9.6 - - - 66.8
EGTR [44] 23.5 30.2 34.3 5.5 7.9 10.1 - - 14.7 42.5

HRTR(ours) 21.6 28.1 30.5 7.0 10.6 13.1 2.6 3.3 16.0 69.4

To fuse these modalities, we employ a cross-attention mech-
anism where the visual features query the semantic hierarchy.
We project the visual query Qsub and semantic memory Ssub
into a shared latent space via linear projections WQ and
WK,V . The fused feature Fsub is obtained by:

Fsub = Attention (QsubWQ,SsubWK ,SsubWV ) . (7)

Finally, the predicate distribution is predicted by concatenating
the fused subject/object features with spatial union features
Vspa:

p̂prd = Softmax (MLP (Fsub,Fobj,Vspa)) . (8)

Hierarchical Supervision Loss (HSL): To enforce struc-
tural consistency, we introduce HSL. Let V denote the set
of all semantic nodes. For a ground-truth leaf class c∗, its
semantic ancestry path is defined as the ordered sequence
A(c∗) = ⟨a1(c∗), . . . , aL(c∗)⟩.

We define a binary ancestry mapping matrix M ∈
{0, 1}|Ce|×|V|, where Mi,j = 1 if leaf ci is a descendant of
node vj . The probabilities of all hierarchical nodes pnode ∈
R|V| are inferred by aggregating leaf predictions p:

pnode = p⊤M. (9)

Crucially, this aggregation naturally enforces probability
monotonicity (pparent ≥ pchild) and bounds all node proba-
bilities within [0, 1], ensuring theoretical consistency without
external constraints.

During training, we aim to maximize the likelihood of every
node along the ground-truth path. The HSL is computed as the
average negative log-likelihood over the ancestor chain:

Lhier = − 1

|A(c∗)|
∑

v∈A(c∗)

logpnode(v). (10)

We note that HSL introduces negligible computational over-
head, as the aggregation is a single matrix multiplication. The
final total loss is:

Ltotal = Lentity + Ltriplet + λhierLhier, (11)

where λhier is a hyperparameter balancing the structural con-
straint.

IV. EXPERIMENTS

A. Datasets and Evaluation Settings

Visual Genome: We evaluate our model on the Visual
Genome dataset [29], which comprises 108k images annotated
with 150 object categories and 50 relationship categories. Fol-
lowing standard protocols [32], we split the data into 70% for
training and 30% for testing, with 5k training images reserved
for validation. The evaluation encompasses three standard
settings: (1) Predicate Classification (PredCls): predicting re-
lationships given ground-truth object categories and bounding
boxes; (2) Scene Graph Classification (SGCls): predicting ob-
ject categories and relationships given ground-truth bounding
boxes; (3) Scene Graph Detection (SGDet): detecting both
objects and relationships directly from raw images. Given the
end-to-end nature of our method, we primarily focus on the
most challenging SGDet task. Performance is reported using
Recall@K (R@K), mean Recall@K (mR@K), and zero-shot
Recall@K (zR@K).

Open Images V6: We conduct experiments on the large-
scale Open Images V6 [30] consisting of 126k training
images, 5.3k test images, and 1.8k validation images. It
involves 288 entity categories and 30 predicate categories. We
adopt the standard evaluation metrics used in the Open Im-
ages Challenge. Recall@50, weighted mean average precision
(AP) of relationship detection wmAPrel, and phrase detection
wmAPphr. The final score is computed as:

scorewtd = 0.2×R@50 + 0.4×wmAPrel + 0.4×wmAPphr.

B. Implementation Details

We implement HRTR in PyTorch using ResNet-50 as the
backbone. Training is conducted on 4 RTX 4090 GPUs
for 150 epochs using AdamW [45] (batch size 16, weight
decay 10−4). Learning rates are initialized at 10−5 for the
backbone and 10−4 for the Transformer, decaying by 0.1 at
epoch 100. To ensure stability, SVU and HSL are activated
after epoch 110, adopting a curriculum strategy to prioritize
visual representation learning. The Transformer employs a 6-
layer encoder-decoder (d = 256, 8 heads) with Ne = 100,
Nt = 200, hierarchy depth L = 4, and λhier = 0.5.



C. Quantitative Results and Comparison
Visual Genome: We benchmark HRTR against unbiased

two-stage, general one-stage, and general two-stage methods
on Visual Genome [29] utilizing R@K, mR@K, and zR@K
metrics, as summarized in Table I. While unbiased two-stage
methods show a marginal gain in mR@20 (0.1% higher than
HRTR), they suffer a significant drop in standard R@K. In
the one-stage approaches, although UniQ [43] achieves the
best R@20/50 and EGTR [44] leads at R@100, they fall
behind HRTR in terms of mR@K. Despite its lightweight de-
sign (69.4M parameters, 16.0 FPS), HRTR delivers consistent
improvements across all metrics, with competitive R@K and
the strongest mR@K and zR@K among one-stage models.

The detailed breakdown in Fig. 2 further validates this trend.
HRTR consistently outperforms the RelTR baseline across
most predicate categories. This advantage is evident not only
in high-frequency predicates (e.g., wearing, near) but becomes
even more pronounced for tail categories. This demonstrates
that HRTR effectively mitigates semantic bias, yielding robust
and balanced predictions for complex scene graphs.

Open Images V6: We train HRTR on Open Images V6
dataset [30] and compare it with other methods, as shown in
Table II. HRTR demonstrates robust and superior performance.
Although R@50 of HRTR is 2.5% lower than the two-stage
method BGNN [46], HRTR has the higher wmAPrel (2.7%
higher than BGNN) and wmAPphr (4.2% higher than BGNN).
While wmAPphr of HRTR is 0.7% lower than BCTR [47], its
R@50 is 3.8% higher. The final weighted score of HRTR is
0.7% higher than the best model BCTR. The inference speed
of HRTR is 16.2 FPS, which is only 0.1 FPS lower than RelTR
[13]. However, its scorewtd is 1.3% higher.

TABLE II
COMPARISON OF RESULTS ON OPEN IMAGES V6. † DENOTES OUR

RE-IMPLEMENTATION FOLLOWING THE SETTING IN THE PAPER.

Method R@50 wmAPrel wmAPphr scorewtd FPS↑
Motifs [8] 71.6 29.9 31.6 38.9 7.4

RelDN [48] 72.8 29.9 30.4 38.7 5.3
GPS-Net [49] 74.7 32.8 33.9 41.6 -
BGNN [46] 74.9 33.5 34.1 41.7 2.9
AS-Net [50] 55.3 15.9 27.5 32.4 -
SGTR† [14] 71.0 35.5 38.8 42.4 -
RelTR [13] 71.7 34.2 37.5 43.0 16.3
BCTR [47] 68.6 36.0 39.0 43.7 -

HRTR(ours) 72.4 36.2 38.3 44.3 16.2

D. Ablation Studies
To verify the effectiveness of each component, we evaluate

HST, SVU, and HSL in isolation. As shown in Table III, the
baseline exhibits limited performance on SGDet, achieving
only 12.6 mR@100 and 2.4 zR@100. Introducing modules
individually reveals distinct benefits. HST delivers the largest
boost to long-tail and zero-shot capabilities, raising zR@100 to
3.1 and mR@100 to 12.8. In contrast, using SVU alone leads
to scores lower than the baseline, likely due to optimization
instability without structured knowledge priors. HSL primarily
enhances detection coverage (R@50/100), having a limited
impact on tail and zero-shot results.

Combining modules demonstrates strong complementarity.
Notably, the HST and SVU combination achieves the highest
mR@50 (10.7) among dual settings while maintaining com-
petitive zR@100, validating the synergy between semantic
structure and visual alignment.

Activating all three modules yields the peak performance,
reaching 30.5 R@100, 13.1 mR@100, and 3.3 zR@100. This
confirms that the integration of HST, SVU, and HSL is es-
sential for robust relation detection, simultaneously improving
accuracy, long-tail recognition, and zero-shot generalization.

TABLE III
COMPARISON OF RESULTS OBTAINED FROM ABLATION STUDY.

Ablation Setting SGDET
HST SVU HSL R@50 R@100 mR@50 mR@100 zR@100
✗ ✗ ✗ 27.5 29.8 10.2 12.6 2.4
✓ ✗ ✗ 27.4 29.6 10.2 12.8 3.1
✗ ✓ ✗ 27.5 29.7 10.0 12.0 2.4
✗ ✗ ✓ 28.0 30.5 9.1 11.8 2.7
✓ ✓ ✗ 27.7 30.0 10.7 13.0 3.0
✓ ✗ ✓ 28.0 30.3 9.9 12.7 2.1
✗ ✓ ✓ 27.5 29.6 10.1 11.9 2.5
✓ ✓ ✓ 28.1 30.5 10.6 13.1 3.3

The weight λhier plays a role in balancing long-tailed recog-
nition and zero-shot generalization. As illustrated in Fig. 3,
mR@100 peaks at λhier = 0.5, suggesting that moderate su-
pervision is optimal for preserving fine-grained discrimination
in tail categories. Conversely, zR@100 reaches its maximum
at 0.75, indicating that zero-shot inference relies more heavily
on strong structural guidance to transfer knowledge. Since
performance on both metrics degrades at λhier = 1.0, we
identify [0.5, 0.75] as the optimal interval, effectively striking
a balance between hierarchical constraints and visual repre-
sentation learning.

12.5

13.0

0.25 0.5 0.75 1

3.3

3.4

mR@100 zR@100

Fig. 3. mRecall@100 and zRecall@100 curves of HRTR on the SGDet task
under different values of λhier.

V. CONCLUSION

We have introduced HRTR, an efficient one-stage SGG
framework that leverages structured knowledge priors to en-
hance semantic reasoning. Through the synergy of hierarchical
prototype learning and structure-aware supervision, HRTR
achieves a strong balance between standard recall and long-
tail generalization. Experiments on Visual Genome and Open



Images V6 validate that our method outperforms existing
one-stage baselines in mean Recall and zero-shot scenarios
without compromising inference speed. This work highlights
the critical role of structured semantic constraints in improving
the robustness of end-to-end scene graph generation.
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